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Abstract
Contemporary learning theories and their implementations associated with infor-
mation and communication technologies increasingly integrate social constructivist
approaches in order to assist and facilitate the construction of knowledge. Social
constructivism also highlights the important role of culture, learning attitude and
behavior in the cognitive process. Modern e-learning systems need to include these
psychological aspects in addition to knowledge construction in order to connect
with long-standing pedagogical issues such as the decrease and lack of motivation
for education.
Motivation is a central part of educational psychology and plays an important role
in Computer-Supported Collaborative Learning (CSCL) environment. A prominent
factor of motivation consists in the strong connection between pedagogical goals
and purposes for learning because learners want to know the reasons why learning
is important for them, to make it more meaningful. However, although pedagogical
institutions provide structured curricula with specific outcomes, students are often
unable to relate to these goals as they have various conceptual perceptions and learn-
ing purposes. This issue has even more consequence in informal and self-regulated
learning environments where learners must monitor their own actions, motivation,
and goals. Contemporary CSCL applications need therefore to integrate a larger
social presence in order to provide more diverse purposes for achieving a shared
goal.
Current social networking services (SNS) provide a platform where peers can for in-
stance express their passion, emotion and motivation towards learning. This research
utilizes therefore this platform to recommend motivational contents from peers for
learning motivation enhancement (i.e. learners’ perception of their goal and pur-
pose for learning). The proposed system consists of an SNS platform for learners
to 1) express and evaluate their own goals for learning, 2) observe diverse motiva-
tional messages expressed by peers who share a same goal and recommended by an
LDA-based (Latent Dirichlet Allocation) model, and 3) evaluate their perceptions
on motivational attributes after each observation.
This platform initially requires a database of messages from peers publicly expressing
on SNS their own purposes for learning various subjects. This part of the research
focuses on collecting and analyzing messages from Twitter to determine linguistic
features used to construct the meaning of expressing diverse learning purposes.
The recommender system was implemented as a Web-based application using SNS
environment to conduct an experiment over a semester, with students who could
observe purposes expressed by other peers. Results compared evaluations from 77
students on motivational attributes before and after observing diverse or similar
purposes from peers. Participants who observed diverse purposes significantly and
positive enhanced their motivational perceptions, such as on goal specificity, attain-
ability and on the confidence to achieve the desired outcome.
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1 Introduction
Collaborative learning describes situations in which two or more people interact
in various ways with the attempt to learn something together (Dillenbourg, 1999).
This has led to the implementation of numerous pedagogical methodologies and ap-
plications aiming at improving learning within communities. With the more recent
use of computers and the Internet in collaborative learning theories, Computer-
Supported Collaborative Learning (CSCL) has become one of the major fields in
learning research.
In the meantime, although motivational aspects are known to be important and in-
fluential in collaborative learning environments (Rienties et al., 2009; Järvelä et al.,
2010), CSCL research works still need to incorporate these aspects into their exper-
iments and applications (Dillenbourg et al., 2009).
This research emerged from Vygotsky’s views of social nature of learning and there-
fore focused on utilizing social learning environments and their important motiva-
tional resource for the enhancement of motivation for learning.
1.1 Research context and motivation
Social constructivism designates the concept of people constantly learning, acquiring
and building new knowledge in social context, and adopting new behaviors, through
1
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observation and external interactions with others (family, school, peers) (Vygotsky,
1986). Contemporary learning theories and e-learning implementations increasingly
integrate social constructivist approaches in order to promote and facilitate the
construction of knowledge.
The key elements of social constructivism originate from Vygotsky’s developmen-
tal theory of social learning, that is, Zone of Proximal Development (ZPD) and
internalization of higher psychological functions (Vygotsky, 1978). People assimi-
late and learn what they observe from others, what is meaningful for them, and
behaviors from each actor influence this process (Palincsar, 1998). In other words
learners develop and expand their ZPD with the support from experts (teacher,
parent, or “More Knowledgeable Other”) based on their own understanding of a
specific learning object and the sociocultural environment, in order to acquire the
skills to understand this object. Figure 1.1 shows the di erent inter-relations be-
tween a learning object, an expert who provides support, and the beginner who is
learning.
Figure 1.1: Vygotsky’s development theory
The essence of social constructivism consists therefore in more than only teaching the
surface of learning objects. It requires psychological functions such as a logical way
of thinking towards the contents taught, the ability to explain to others, the under-
standing of culture and environment of learning (passion, emotions and motivation
from experts; needs, attitude and motivation from learners). Figure 1.1 illustrates
2
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this interpretation of Vygotsky’s developmental theory with a mutual understand-
ing, enhancing observation and imitation from learners and support from experts.
It also highlights the focus of this research on the psychological functions that dif-
ferent actors feel towards a learning object, and their influence on others’ knowledge
building process. For example, one learns di erently from a teacher demonstrating
enthusiasm and passion or from someone with little interest in teaching.
This view of social constructivism forms the roots of other pedagogical approaches
that emphasize “Sca olding”. Tutors use sca olding, first introduced by Bruner
(1996), to support learners in achieving skills that are initially beyond their capac-
ities (i.e. within their ZPD) (Wood et al., 1976). Based on this notion, Collins
et al. (1991) believe in the design of learning environments focusing on the con-
cept of cognitive apprenticeship, where learners build their knowledge and acquire
new skills through observation, reflection and exploration. Cognitive apprenticeship
makes learning meaningful with communication and engagement within groups of
learners and experts working together, also called “Communities of Practice” (Lave
and Wenger, 1991). Situated learning in communities of practice supports the idea
that knowledge is constructed in the real-world context and in situations where it is
applied. Derived from communities of practice, “Learning Communities” approach
encourages collective knowledge of the community in order to increase individual
knowledge (Scardamalia and Bereiter, 1994). Scardamalia and Bereiter (1994) claim
that a learning community requires 1) diversity of expertise for contributions and
support to develop, 2) a shared objective of developing collective knowledge and
skills, 3) the focus on learning how to learn, and 4) mechanisms to share what has
been learned.
In order to develop learning communities, Scardamalia (2004) proposed a Computer-
Supported Collaborative Learning (CSCL) approach where knowledge building is
3
Chapter 1 Introduction
achieved through interactions between peers sharing a similar goal, with the help of
computers. CSCL implementations have demonstrated positive impact in enhancing
learning although most implementations however limit the diversity aspect required
in a learning community to learners sharing similar characteristics (e.g. similar,
age, level of expertise from a same classroom or from a similar background). Con-
temporary CSCL systems need therefore to integrate a more diverse social presence
in order to expand the sharing of learning objectives, methods and outcomes for
learning communities. Motivation, especially intrinsic motivation, also plays an im-
portant role in CSCL environment with various contributions and evolutions from
collaboration (Rienties et al., 2009). This calls for an integration of intrinsic moti-
vational contents as initial input in collaborative learning systems for a more direct
impact on the motivation from other learners. This research proposes therefore to
utilize a social, collaborative and more diverse environment for learners to enhance
or generate new intrinsic motivation.
1.2 Research purpose
Motivation is a central part of educational psychology (Weiner, 1985), and a promi-
nent factor of motivation consists in the strong connection between pedagogical
goals and purposes for learning (Eccles et al., 1998; Schunk et al., 2002a). Learning
goals are e cient when linked with learner’s needs and purposes because they want
to know the reasons why learning is important for them (Ames, 1992; Locke and
Latham, 2002). This understanding makes learning more meaningful for learners.
Therefore pedagogical institutions provide highly structured education and curricula
with syllabus stating specific outcomes. However learners as individuals have various
conceptual perceptions and consequently di erent purposes for learning. Students
4
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are then often unable to relate to the goals stated by their formal education, leading
to the largest cause of education failure, that is lack of student motivation (Samuel-
son, 2010). This issue appears even more clearly in informal and self-regulated
learning environments where curricula may be absent and where learners monitor
their own actions, motivation, and goals (Pintrich, 2000; Eraut, 2004). The failure
to think of a reason to study a given subject or to attain a goal, hence to make
learning meaningful, results in risks of conflict and discouragement that might harm
learner’s intrinsic motivation.
The purpose of this research results from the needs for learning motivation en-
hancement and for diversity in collaborative learning environments. Collaboration
with peers creates opportunities for work with peers, positive attitudes and there-
fore encourages motivation (Blumenfeld et al., 2006), and intrinsic motivation is
central in social networks of cognitive discourse (Rienties et al., 2009). This re-
search consequently utilizes diverse motivational contents from peers as material for
collaboration, or as input for contents recommendation in a collaborative learning
environment.
In particular, Social Networking Services (SNS) consist of an important resource of
diverse and motivational information, and represent then an essential and influen-
tial factor, including for learning (Bandura, 2001). The Internet and SNS having
become an essential part of personal life and communication, many research works
focus on the use of Social Media for educational purposes, especially using the two
largest platforms: Facebook and Twitter (Tess, 2013). Questions related to the
e ectiveness of using Social Media for pedagogical purposes still remain to be an-
swered authoritatively, whether researchers praise their positive impact on learning
behavior, or view them only as a communication tool for socializing rather than for
academic work (Madge et al., 2009). However both opinions agree on the necessity
5
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to carefully consider the importance of Social Media in academic life, and on the
“backstage” role in the development of student identity rather than enhancement in
formal education per se (Selwyn, 2009).
This research proposes therefore an SNS-based platform connected with existing
e-learning environment in order to enhance the implementation of psychological
functions and the development of individual motivation.
1.3 Proposed approach
This research proposes a recommender system taking into consideration the diversity
of motivation within learning communities, and therefore providing diverse purposes
for learning expressed by peers (Figure 1.2) to enhance learners’ intrinsic motivation
to achieve a shared goal.
The proposed recommender system is based on the following features:
1. Data Collection to gather messages from peers on Social Media where they
express their own goals for achieving these goals,
2. Data Analysis to determine how peers build the meaning of their messages
expressing their goal,
3. Topic distribution to estimate the di erent purposes expressed by peers who
share a similar learning goal (e.g. mastering English),
4. Goal Expression where learners using the system proposed in this research
can express and evaluate their own purpose for achieving a learning goal (e.g.
mastering English),
5. Peers messages Recommendation utilizing an LDA-based (Latent Dirich-
let Allocation) model to provide peers messages from SNS containing diverse
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learning purposes, outcomes and methods for a same goal,
6. Observation recommended peers messages through an SNS interface,
7. Evaluation of the changes in learners’ evaluation of their motivation and
purposes for learning after observing similar/diverse messages from peers.
Figure 1.2: Example of goal-based messages collected from the social media Twit-
ter
Latent Dirichlet Allocation (LDA) is a highly accurate probabilistic model for collec-
tions of discrete data that assumes the latent structure of a corpus based on several
topics, also called themes, distributed over documents in a corpus (Blei et al., 2003).
The LDA model can estimate the probabilistic distribution of a fixed number of top-
ics on documents, but also the word distribution on these topics. This three-level
distinction (document, topic, and word) allows the estimation of topic similarity for
two documents even without sharing the same words. In the context of this research
where documents consist of diverse purposes for learning expressed in Twitter mes-
sages, LDA o ers the best estimation of topic (i.e. purposes for learning) similarity
or diversity within a dataset of messages from peers about a similar goal (i.e. mas-
tering English). This research therefore utilizes an LDA-based model to recommend
more diverse learning purposes from peers expressed as Twitter messages.
Recommender systems evolve with advanced technology and are therefore notably
appealing for Technology Enhanced Learning systems (Manouselis et al., 2012). Re-
cent implementations use the similarity of item contents, user profiles and other
information to recommend personalized contents to learners with positive results.
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Although the necessity to recommend personalized contents is well admitted, recom-
mender systems also need to consider the “diversity” factor and to provide outcomes
di erent from what users expect (Erdt et al., 2015). However, the lack of motivation
in education and the di culty for learners to relate to academic goals and find a
purpose for study call for the recommendation of a larger variety and more diverse
choice of purposes for learning. LDA has the ability to di erentiate topic distri-
bution on documents, and therefore this model is used to recommend motivational
messages from peers expressing diverse purposes for learning for a similar goal.
In addition to the diversity of expertise and the share of a similar goal, the key char-
acteristics of a learning community also include the focus on learning how to learn
and mechanisms to share what has already been learned (Bielaczyc and Collins,
1999). After focusing on the expression and observation of learning purposes from
peers, the following stage of this research proposes to expand the recommended
contents in order to fully implement the key characteristics of online learning com-
munities. The proposed recommender system and its implementation in SNS-based
environment require therefore expanding features to let learners express their own
learning activities (i.e. learning methods and outcomes in relation to a similar shared
goal) under the format of more developed messages.
Due to the complexity of motivation, the impact of the goal-based recommendation
system must be evaluated on a fixed range of motivational attributes related to
learners’ perceptions of their goal. Previous research works on goal-setting and goal
orientations mention several attributes related to the goal (importance, attainability,
di culty, specificity) or to the learner in regards to this goal (commitment, confi-
dence, achievement, satisfaction) (Locke, 1996; Locke and Latham, 2002; Bekele,
2010). These attributes are used in addition to the self-evaluation of overall intrin-
sic motivation in order to analyze the impact of the recommendation system based
8
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on the diversity of messages from peers.
1.4 Research features
The main contribution of this research, as illustrated in Figure 1.3, is to utilize
a social context in a learning environment and the psychological functions from
peers to positively influence learning behavior. In particular, the purpose of this
research is to recommend motivational contents from peers to a ect and enhance
the motivation for learning. As an important factor of motivation, this research
focuses on the purposes for learning, or the reasons why someone engages in a
learning activity, which give the intrinsic motivational force to achieve a goal.
Figure 1.3: Utilizing social environment to enhance motivation for goal achieve-
ment
The system designed and implemented during this research gives the following con-
tributions:
1. “Meaning-making” in mined SNS messages: the first part of this re-
search consists in the construction of a large-scale dataset of messages from
SNS where peers express their own goals and purposes for learning. The
approach proposed in this part of the research combines methods of data min-
ing, corpus linguistics and Systemic Functional Grammar (SFG) for extracting
9
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goal-based messages, sorting data linguistically, and devising a model to an-
alyze data based on SFG concepts and genre-based realization. The data
collection process focuses on the Social Media Twitter as the data source con-
sists of short text messages, containing metadata related to user profile, and
with a large amount of data publicly accessible.
2. Goal-based Recommendation System: the main contribution of this re-
search consists in the design and the implementation of a goal-based recom-
mendation system. The purpose of this system is to let learners observe goal-
based messages from peers expressing diverse learning purposes for a same
goal. The goal-based dataset previously mentioned is used as an initial input
for recommendation, and constantly updated with users’ input messages. The
main features of this recommendation system are as follow:
• Expression: learners express and evaluate their own learning goal (e.g.
mastering English) and their related purpose for achieving this goal (e.g.
to travel around the world),
• Observation: LDA-based model recommends peers messages containing
diverse purposes for learning for a same goal by estimating the probabilis-
tic distribution of topics corresponding to the di erent purposes expressed
by peers,
• Evaluation: the system analyzes the changes in learners’ evaluation of
their motivational perceptions after observing diverse purposes for learn-
ing from peers.
3. Online Learning Community messages Recommendation: in conti-
nuity with the recommendation of purposes for learning, the following stage
of this research consists of completing the implementation of online learning
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community’s characteristics. The purpose of expanding the goal-based rec-
ommendation system is to allow the expression of learning activities and to
include longer peer messages detailing what has been learned and how to learn,
always in relation with the same shared goal. The additional features of this
recommendation system include:
• Expression: learners express some learning activities related to the same
learning goal (e.g. mastering English) under the format of more developed
texts (i.e. without length limitation like for Twitter messages) where they
detail what they have learned in order to achieve their goal and how they
learned,
• Observation: the LDA-based model includes detailed peer reports (i.e.
learning activities) in addition to diverse purposes by estimating the prob-
abilistic topic distributions of reports and dissimilarities with other ex-
isting reports,
• Evaluation: the analysis of motivational perceptions and their evolu-
tions emphasize the importance of commitment as a result from the pre-
vious stage and also considers the time of study as an important factor
for motivation construction.
4. Evaluation of Motivation: the last contribution concerns the results of
learners’ self-evaluations of their perceptions on motivation and other psycho-
logical parameters related to their goals. Participants of the experiment who
observe diverse learning purposes from peers for the same goal they want to
achieve show a more positive and significant enhancement of their percep-
tions on overall motivation, and more specifically on goal attributes such as
goal specificity, attainability, and confidence to achieve the desired outcome.
Further analysis on the causal relationships between those di erent goal at-
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tributes reveal a wider and stronger influence from the diversity of purposes
proposed to learners. Satisfaction, confidence (as in self-e cacy), and espe-
cially commitment appear as the last attributes in the causal structure of goal
attributes. If the influential structure between goal attributes theoretically
leads in sentiments of achievement and fulfillment, this research demonstrates
the importance of considering confidence and commitment as a measurement
of achievement motivation and successful goal attribution. The last stage of
this research therefore includes the time of self-study as a factor to evaluate
the construction of motivation.
1.5 Outline
After this first chapter introducing the main motivation, concepts and contributions
of this research, chapter 2 reviews the theoretical background of this research with
at first some previous works on learning in social environment. It continues with
descriptions of motivation for education and related theories, and reviews finally
achievement goal theories some related goal attributes that are used as evaluation
in this research.
Next, chapter 3 focuses on the creation of the large-scale goal-based dataset of Twit-
ter messages containing goals and diverse purposes from peers. This dataset results
from methods of data mining, corpus linguistics and SFG analysis to determine the
linguistic features used by Twitter users to create the meaning of their goals. The
dataset if finally used as an initial input for recommendation and observation of
diverse purposes for learning a same goal to learners.
The following chapter 4 describes next the so-called goal-based recommendation sys-
tem which uses an LDA-based model to estimate the probabilistic distribution of
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topics within the dataset of Twitter messages. This system calculates the diver-
gence between existing messages stored in the dataset and newly produced message
posted by a participant of the experiment. The recommendation system finally pro-
vides messages expressing diverse purposes for learning and achieving a shared goal,
implemented in an SNS-based Web application.
The second part of chapter 4 describes the expansion of the goal-based recommenda-
tion system in order to complete the integration of key characteristics from an online
learning community. This part describes the additional feature and experimental
scenario where learners complete short reports including what they have learned and
how they learned. The recommendation system provides therefore learning activ-
ity reports related to a shared goal, in addition to previously recommended diverse
learning purposes.
Finally, chapter 5 details the di erent results from analysis and evaluations per-
formed during the di erent experiments of this research. Results include text analy-
sis of mined Twitter messages to determine the linguistic features used to create the
meaning of the di erent goals expressed by users. It details furthermore the most
important evaluations of this research listing the perceptions from participants based
on di erent psychological parameters related to their goals. Deeper analyses of these
self-evaluations show the significance of their evolutions over the time taken for the
experiment, and finally the causal relationships between these goal attributes. The
last part of chapter 5 presents details of the second experiment and shows the more
significant impact on the construction of motivation from the complete integration
of motivational contents in an online learning community.
The last chapter concludes this thesis by summarizing the main aspects developed
during this research and by discussing the main findings which is that 1) observing
diverse learning purposes for a shared goal positively a ects learners’ perceptions on
13
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their intrinsic motivation and other motivational attributes such as goal specificity,
attainability, and the confidence to achieve their goal, and 2) the complete integra-
tion of motivational contents as part of online learning community characteristics
generates a more significant and durable construction of motivation.
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This chapter reviews previous research works in relation with this thesis. This re-
search consists of a social constructivist approach of motivation and therefore this
chapter starts by reviewing previous social constructivist perspectives and derived
approaches on education. The chapter will proceed with some reviews on motiva-
tional theories applied to education. Finally, this chapter will focus on the theories
of goals for learning, which was the focus of this research to enhance motivation for
learning, with a review of attributes related to goals and psychological perceptions
from learners used for evaluations during experimentations.
2.1 Social constructivist perspectives on learning
People constantly learn and acquire new knowledge by actively and cognitively con-
structing it in situations from the real world (Piaget, 1937). Research in cogni-
tive and developmental psychology later declare that people also adopt new behav-
iors, through observation and external interactions with family members, at school,
or with other peers (Vygotsky, 1986). This second claim introduced social and
psychological dimensions into this earlier notion of constructivism. It originates
from Vygotsky’s developmental and social learning theory which considers the zone
of proximal development (ZPD) where people develop with the support of “More
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Knowledgeable Others” (Vygotsky, 1978). Vygotsky also expands Piaget’s notion of
constructivism with sociocultural aspects by considering the influence and internal-
ization of higher psychological functions. The understanding and attitudes that one
has towards a learning object a ect the way of thinking and the creation of meaning
from the learner who is observing and absorbing information. These new aspects
form the key elements of what was later called social constructivism.
Vygotsky’s theory of social development forms the major influence of other more
recent pedagogical approaches. For example, Bandura’s Social Cognitive Theory
relates to the aspect of learning through observation and modeling in the context
of social interactions (1986). He emphasizes the reciprocal causation of personal,
behavioral and environmental factors. More recently his description of social con-
struction of reality strengthens the psychological influence of social and mass media
on the acquisition of new behaviors (Bandura, 2001).
2.1.1 Sca olding
The view of social constructivism also forms the root of other pedagogical approaches
that support the idea of “Sca olding”. This concept was first introduced by Bruner
(1996) while promoting Vygotsky’s social developmental theory to describe language
acquisition by children. It consists of the support provided and adapted to learners
in order to carry activities, to achieve skills and goals originally beyond their skills
(or zone of proximal development) (Sawyer, 2006). Wood et al. (1976) implemented
sca olding functions in problem solving tasks and elaborated the concept as an
instructional theory made of an interactive system of exchange between learners
and tutors, with the following properties:
• Recruitment: The tutor considers learner’s interests and adapt them to the
task requirements,
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• Reduction in degrees of freedom: This involves the reduction of alter-
natives during the skill acquisition process in order to regulate feedback and
learner’s level,
• Direction maintenance: The tutor keeps learners in pursuit of a specific
objective by maintaining their motivation and their direction towards the final
objective,
• Marking critical features: The tutor identifies and interprets the various
discrepancies between the learner’s acquisitions and the desired outcomes,
• Frustration control: This part consists of managing the risk of too much
dependency of the learner on the tutor,
• Demonstration: For demonstration or modeling task solutions, the tutor
idealizes the acts to be performed by reproducing and imitating them with
explications in order to make learners imitate the solutions themselves.
2.1.2 Cognitive Apprenticeship
People used to learn side-by-side with more knowledgeable others with the views
of sca olding until formal education changed to a more instructional pedagogy of
education. They still use the same method to learn their first language for chil-
dren or critical job skills for new employees (Collins, 2006). However formal edu-
cation replaced this traditional form of apprenticeship with instructional pedagogy
of education due to the increasing number of students. As a response with this re-
cent issue and with developing computer-based learning environments, Collins et al.
(1991) adapted traditional formal and apprenticeship method to form the concept
of Cognitive Apprenticeship. This new method updated traditional apprenticeship
to make instructors 1) identify the processes of the task and make them visible to
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Content Types of knowledge required for expertise
Domain knowledge subject matter specific concepts, facts, and
procedures
Heuristic strategies generally applicable techniques for
accomplishing tasks
Control strategies general approaches for directing one’s
solution process
Learning strategies knowledge about how to learn new concepts,
facts, and procedures
Method Ways to promote the development of expertise
Modeling teacher performs a task so students can
observe
Coaching teacher observes and facilitates while
students perform a task
Sca olding teacher provides supports to help the
student perform a task
Articulation teacher encourages students to verbalize
their knowledge and thinking
Reflection teacher enables students to compare their
performance with others
Exploration teacher invites students to pose and solve
their own problems
Sequencing Keys to ordering learning activities
Increasing complexity focus on conceptualizing the whole task
before executing the parts
Increasing diversity meaningful tasks gradually increasing in
di culty
Global to local skills practice in a variety of situations to
emphasize broad application
Sociology Social characteristics of learning environments
Situated learning students learn in the context of working on
realistic tasks
Community of practice communication about di erent ways to
accomplish meaningful tasks
Intrinsic motivation students set personal goals to seek skills and
solutions
Cooperation students work together to accomplish their
goals
Table 2.1: Principles for Designing Cognitive Apprenticeship Environments Collins
et al. (1991)
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learners, 2) situate abstract tasks in real and relevant contexts, and 3) diversify
the situations and common aspects so that learners can continue to expand their
knowledge autonomously.
Cognitive apprenticeship focuses on four dimensions in a framework for any learning
environment: Content that first considers the di erent types of strategic knowledge
required for expertise, Method which refers to the ways of teaching that promote
the development of expertise and emphasize apprenticeship, Sequencing provides
principles to guide and order learning activities, and Sociology which refers to the
social context a ecting how learners apply their skills to real-world problems. These
dimensions are detailed in Table 2.1 on the facing page (Collins et al., 1991).
The first three teaching methods (modeling, coaching, and sca olding) help learn-
ers develop skills through observation and guided practice and they are the core
of traditional apprenticeship. The next two methods (articulation and reflection)
help learners to focus observations and gain control of their own problem solving
strategies, and the final method (exploration) encourages learners autonomy. Cogni-
tive apprenticeship makes learning meaningful with communication and engagement
within groups of learners and experts working together, encouraging each other to
make learners becoming experts and explore new knowledge.
2.1.3 Communities of Practice
Social characteristics form an important dimension of learning environments sig-
nificant for learners’ orientation, confidence and motivation. Situated learning in
communities of practice supports the importance of social environment where knowl-
edge is constructed in real-world context and situation where it is applied (Lave and
Wenger, 1991). The main purpose is to make learning meaningful with the commu-
nication and the engagement within a community of learners.
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With Communities of Practice (CoP), Lave and Wenger (1991) first described the
di erent usages of cognitive apprenticeship within a group of participants in a learn-
ing activity and developed the idea that productive apprenticeship depends on the
mutual engagement and contributions with the community where it belongs. Com-
munities of practice exist within a group of people sharing knowledge, information
and experiences with other members who gain opportunities to develop personally
and professionally by learning from each other.
Research works on communities of practice later developed the original concept
of legitimate peripheral participation into inherent and interrelated connections
(Wenger, 1998):
• Mutual engagement: members of a community participate and consequently
establish collaborative relationships with each other to build a social entity,
• Joint enterprise: members create a shared understanding of their mutual
connections through interactions,
• Shared repertoire: the community produces a set of communal resources as
part of its practice in the pursuit of the joint enterprise.
Wenger (2000) later described the diversity of a community of practice as to what
makes engagement in practice possible and productive. The mutual engagement
results from a community that does not entail homogeneity because diversity is the
way to extend learner’s identity as an experience of multimembership, or an intersec-
tion of many relationships that one holds and that forms the multiple communities
into one’s experience.
2.1.4 Learning communities
Lave and Wenger’s concept of community of practice later developed into the notion
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of “Communities of Learners” or “Learning Communities”. The original idea of a
learning community is the shared goal which is to enhance the collective knowledge
in order to support the growth of individual knowledge eventually (Scardamalia and
Bereiter, 1994).
The idea behind learning communities was mainly to oppose the traditional instruc-
tionist teacher-to-student approach implemented in most educational institutions,
which often discourages knowledge sharing and focuses excessively on individual
knowledge and performance. Brown and Campione (1996) have developed a model
of learning communities, Fostering a Community of Learners, that promotes the
diversity of interests and skills in order to involve every participant in a culture of
learning and in a collaborative e ort of understanding.
The diversity appears also within the four key characteristics that constitute a learn-
ing community (Bielaczyc and Collins, 1999):
• Diversity of expertise among members who are valued for their contributions
and are given support to develop,
• A shared objective of constantly developing the collective knowledge and skills,
• An emphasis on learning how to learn,
• Mechanisms for sharing what has been learned.
2.1.5 Computer-Supported Collaborative Learning
Alongside the emergence of new technology and its incorporation in education ap-
peared the concept of online learning communities with a new dimension of time and
space added to the interrelations between learners, peers, instructors and through
technology (Pallo  and Pratt, 2007). Computer-Supported Collaborative Learning
(CSCL) is a pedagogical approach emerging with this increasing attention on how
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people can learn together with the help of computers. CSCL is an implementa-
tion of learning communities that represents the alternative to the misconception
of e-learning that consists of simply digitalizing learning contents to make them
accessible to a large number of students (Stahl et al., 2006).
Several research projects oriented in collaborative learning and computing tech-
nology form the roots of what later used the name CSCL as a research field in
educational technology:
• The ENFI project (Bruce and Peyton, 1990) enabled deaf or hearing impaired
students to conduct textually mediated discussions with their instructor. The
project supported a new form of meaning-making by providing a new medium
for textual communication.
• The CSILE project, later known as Knowledge Forum (Scardamalia, 2004),
considered knowledge building communities as an alternative to learning in
classrooms that is often too shallow and poorly motivated (Scardamalia et al.,
1989). This project also consisted in joint text production to make writing
more meaningful, delivering however more conventional writing rather than
discussions.
• The Fifth Dimension project consisted of computer-based activities aiming
at enhancing students’ reading and problem solving skills (Nicolopoulou and
Cole, 1996). This system provided support from more-skilled peers and allowed
marking and coordination of student’s progress and participation.
All these projects introduced computers, information technology and more social
activities within instructional education in order to make learning more meaningful.
The notion of knowledge building cited earlier strongly relates with the “zone of
proximal development” and the concept of internalization, or the attribution through
interactions with surrounding society and culture, as previously described. This all
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led to the development of CSCL as an important research field of education and
many more projects making students learn together and collaboratively.
This large and significantly positive impact of CSCL implications in enhancing learn-
ing additionally raised several questions about its future directions. One important
concern relates to the e ectiveness of collaborative learning and whether pedagogical
approaches genially pursues the notion of collaboration instead on simply applying
instructions to group of learners (Dillenbourg, 2002). Future CSCL implementations
need wider and multi-dimensional approaches to consider other parameters of the
learning environment, such as the diversity of peers within the learning community
since most implementations limit the community to learners sharing similar charac-
teristics (e.g. similar, age, level of expertise from a same classroom or from a similar
background). Suggestions for future research in CSCL highlight the importance of
considering the cultural di erences in learners’ collaborative behaviors to promote
collaboration (Kim and Bonk, 2002).
2.1.6 Enhancing social environments in learning activities
Contemporary CSCL systems need therefore to integrate a more diverse social pres-
ence in order to expand the sharing of learning objectives, methods and outcomes
for learning communities. Motivation, especially intrinsic motivation, also plays an
important role in CSCL environment with various contributions and evolutions from
collaboration (Rienties et al., 2009). This calls for an integration of intrinsic moti-
vational contents as initial input in collaborative learning systems for a more direct
impact on the motivation from other learners.
The development of these innovative pedagogical approaches continues to improve
the construction of knowledge and the learning experience by creating meaningful
and supportive situations for learners. In addition to knowledge however, modern
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e-learning systems still need to consider and exploit the natural and powerful influ-
ence of social environments on human behaviors in order to help learners enhance
their intrinsic motivation and generate new positive attitudes towards their learning
experience.
This research proposes therefore to utilize a social, collaborative and more diverse
environment for learners to enhance or generate new intrinsic motivation. Based on
this purpose, the next section reviews research and theories in relation to motivation
for education.
2.2 Motivation for education
The term motivation finds its roots in the Latin word which means “to move”.
Motivation is the internal force that generates behaviors and actions in order to
fulfill needs, desires and achieve goals. It refers to the di erent causes for desire of
mastery and functional search (i.e. the constant pursuit of “why”?) (Weiner, 1985).
Developments of research works in psychology and education eventually converged
into motivation with studies in what brings students to start of keep learning some-
thing, and the strong mutual relationship with performance. Pedagogical theorists
believe in motivation influence on learning performance and recent theories of mo-
tivation insist especially on the relation of expectancy, value and goals (Eccles and
Wigfield, 2002). Motivation provides the answers to two questions that relate re-
spectively to the purposes or reasons for learning, and to the goals for learning or
desired outcomes:
1. “Why do I want to learn?”
2. “What do I want to achieve?”
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Therefore, motivation connects learners’ purposes for learning with their achieve-
ment goals. However, these connections are complex and various due to the di erent
needs, goals and personal beliefs that people have.
Figure 2.1: Types of motivation in self-determination theory (Ryan and Deci, 2000)
Figure 2.1 shows the di erent types of human motivation based on how the be-
havioral motivation originates from an individual’s personal interests. From left to
right, types of motivation go from lacking any intention to act until a complete
self-determined activity, in correlation with di erent stages of perceived locus of
causality (bottom line of figure). Including extrinsic motivation and its di erent
autonomous forms, this figure represents the stages of behavioral regulations and
the value integrations in an individual’s motivation.
Figure 2.1 shows that intrinsic motivation is based on the inherent satisfactions
that one feels by engaging in a certain activity (e.g. learning) (Ryan and Deci,
2000). This type of motivation has been showing significantly positive e ects on
learning performance. However formal education often focus on external sources of
motivation by encouraging students to learn in order to receive rewards or to avoid
punishment.
This raises the concern of this research which is to make learners integrating or
internalizing their motivation in order to make their learning experience more in-
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herently rewarding, satisfying and meaningful. With this objective, this subsection
first reviews the di erent theories and perspectives of motivation for education that
have been defined, implemented and experimented in past decades of research in
educational psychology. The following section follows the direction of this research
which is using social environments and peers as a source of motivation enhancement.
2.2.1 Historical perspectives of motivation
The study on motivation and its importance in education has a long history. In
his essay on education, Rousseau (1762) already stated that any learning method
is good for a child under the condition that s/he has the desire to learn. Research
on motivation belong to psychology in general but the first views of motivation
originate from two prominent terms: volition and instinct.
• Several psychologists stressed the importance of instincts that are based on
inherent needs manifesting themselves cognitively and behaviorally. These
early aspects of motivation considered components that generate instinctive
behaviors, and the external objects or events conditioning and a ecting these
behaviors (McDougall, 1918). Freud’s contribution to research in the field of
motivation also proposed that instincts are the major force behind behaviors
and take their source from the unconscious part of the mind (Freud, 1921).
• Some other psychologist views also paralleled motivation with volition which
is the individual’s act of pursuing and committing to a particular action. James
(1890) believed that instincts could not explain all types of behavior. He de-
scribed volition as the process converting intentions into actions by activating
a mental representation. These views were however di cult to implement and
experiment due to the incomplete perspective on motivation.
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These led to many research works and theories in psychology for learning going
in various directions and providing di erent contributions. Research on behavior
theories for example developed more empirical and observable applications that
explain the change, combination and complexity of all behaviors.
Expectancy-Value Theory. From predominantly behavioral views on motivation,
research later evolved into contemporary perspectives adopting more cognitive views
on motivation theories that emphasize expectancies and values. These perspec-
tives were mostly influenced by Lewin’s level of aspiration and Atkinson’s theory of
achievement motivation. Lewin et al. (1944) introduced the idea of goals that learn-
ers set by themselves, and described it as an important motivational variable. This
research performed in formal education settings showed the interrelations between
the level of aspiration, previous experience and the ability of learners, and demon-
strated that learners felt more successful when they achieve self-set goals. Another
major contribution to research on motivation came from Atkinson’s achievement mo-
tivation theory which highlighted the cognitive aspects in motivational psychology
rather than behavioral aspects, and combined motives, probability of success, and
incentive values (Atkinson, 1957). The motives represented an important change in
the definition of motivation in individuals considering the di erences in approach-
ing an achievement task: motive to approach success and motive to avoid failure.
This theory also introduced more self-perceptive elements (e.g. probability and ex-
pectancy of success, importance, desire, value) in the research field of motivation.
More contemporary expectancy-value models included more contextual and social
cognitive aspects and thoroughly studied the influences on self-perception of various
individual aspects (Eccles and Wigfield, 2002).
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Attribution theory. If expectancies and values were described as central motiva-
tional aspects, it became important to understand how learners individually per-
ceived and constructed these aspects. Attribution theory proposed that learners’
attributions or perceived causes of outcomes strongly influence achievement behav-
iors (Weiner, 1985). This theory assumed that people are generally motivated by
a goal of mastering their environment to make them controllable, and a goal of
understanding themselves in order to be more adaptable in their environments. At-
tribution theory also considered the environmental factors causing their behaviors.
These two conditions (i.e. personal and environmental factors) are displayed in
Table 2.2 as the antecedent conditions of the whole attributional model that influ-
ence the perceived causes of attribution.
1) Antecedent
Conditions
2) Perceived
Causes
3) Causal
Dimensions
4) Psychological
Consequences
5) Behavioral
Consequences
Environmental
factors:
Attributions
for:
Specific
information
Ability
E ort
Stability Expectancy for
success
Choice
Persistence
Social norms Luck Level of e ort
Situational
features
Task di culty
Teacher
Locus Self-E cacy Achievement
Mood
Personal factors: Health Control A ect
Causal schemas Fatigue, etc.
Attributional
bias
Prior knowledge
Individual
di erences
Table 2.2: Overview of the general attributional model (Weiner, 1985)
Table 2.2 shows that the perceived causes lead to the three dimensions of attribution
(i.e. Stability, Locus, Controllability) that give the psychological force to influence
expectancy for success, self-e cacy beliefs, a ects and actual behaviors as in the
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last column.
• The locus dimension refers to whether a cause is perceived as internal or
external to the individual (Rotter, 1966),
• The stability dimension refers to whether a cause is fixed (e.g. ability, di -
culty) or unstable (e.g. e ort, luck) across situations and over time,
• The controllability dimension refers to how much control a person has over
a perceived cause. Weiner (1985) here di erentiated causes that a person
can control regardless of how internal or external these causes are for the
individual. For example, e ort and ability are both internal and stable causes
but are respectively controllable and uncontrollable.
Interest and A ect. Although recent research on motivation has essentially fo-
cused on cognitive theories, the role of interest has been increasingly considered
important in recent years of research in psychology and education, along with the
development of constructivist models of learning. Interest here refers to the desire
and will to engage in an activity and has been shown to promote motivation and
facilitate learning.
A distinction between personal and situational interests distinguished individual,
stable and enduring characteristics with more external and environmental charac-
teristics such as the novelty, the di culty, the ambiguity of an activity (Krapp
et al., 1992). Both positively relate to individual psychology and behavior on future
activities.
Covington (1992) proposed another variable relevant to personal and situational
interests with self-worth theory, which refers to individuals’ emotions, a ects and
feelings. The need for self-worth generates di erent patterns of motivational behav-
iors.
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Although research on interest showed promising directions for future works, several
questions remain to be resolved such as how interest concepts should be integrated
in existing theories and methods to meet the demands of educational research.
Intrinsic Motivation. Figure 2.1 previously showed di erent types of motivation
based on inherent satisfactions for engaging in an activity. The distinction lies
between intrinsic and extrinsic motivation when engaging in an activity for the
learner’s own satisfaction or for desirable outcomes such as a reward or praise from
instructors. This distinction is di erent than the personal/situational aspects of
interests because one can be personally or situationally interested in an activity for
intrinsic and/or extrinsic reasons.
Although this can change depending on the situation, several research works have
demonstrated that intrinsic motivation relates positively to learning achievement
and perception of competence. Nonetheless, these works also showed the tendency
for learners’ intrinsic motivation to decline as they pursue longer in formal education
(Gottfried et al., 2009). If intrinsic and extrinsic motivations may coexist within a
same individual and for a same activity, the need for methods promoting intrinsic
motivation and inherent satisfaction to learn appears clearly.
The concept of inherently needing to feel competent and e cient with the envi-
ronment first appeared with White’s e ectance motivation (White, 1959). Harter
(1981) later expanded this concept in mastery and first introduced the theory of
mastery motivation by specifying the antecedents and consequences of e ectance
motivation and by including variables such as the social environment, self-worth
and the internalization of goals.
Self-determination theory (Ryan and Deci, 2000) is the most supported view of
intrinsic motivation that is based on individual psychological needs for competence,
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autonomy, and relatedness. In other words, Ryan and Deci incorporated principles
from other theories to postulate that individuals have innate needs for mastery of
the environment, for a sense of control in interactions in the environment, and for
belonging to a group. Satisfying these three needs promotes intrinsic motivational
force for learning and achieving goals.
A larger approach of intrinsic motivation which emphasizes the same needs is the
Flow perspective (Csikszentmihalyi, 1991) which also views the intense involvement,
deep cognitive engagement, and better performance emerging over time from intrin-
sic motivation.
2.2.2 Contemporary perspectives on motivation
As described in the previous subsection, research in psychology for education and
motivation has a long and diverse history. Many theories are still currently refer-
enced for their important and significant contributions in motivation for learning.
Motivation appears therefore as a complex process involving various and multi-
dimensional aspects. Figure 2.2 summarizes the di erent perspectives that contem-
porary theories of motivation focus on.
Contemporary perspectives on motivation emphasize cognitive aspects in addition
to behavior and a ect. In other words, learners cognitively manage their behaviors
in order to achieve their goals (Schunk et al., 2002b). Learners also individually
construct their own beliefs based on learning contents, methods, goals, and also
their self-e cacy, interests, and other aspects, instead of simply based on what they
are told (Turner and Patrick, 2008). Motivation also shows a mutual and influen-
tial relation with learning outcomes, achievement and self-regulation (Schunk and
Pajares, 2002). Learners with strong motivation can learn more, achieve higher lev-
els and show better self-regulatory e orts, in the same way as these outcomes will
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Figure 2.2: Contemporary perspectives on motivation
enhance motivation for future learning. Another important aspect being considered
and following Vygotsky’s social developmental theory relates to the changes occur-
ring in motivation for learners based on their age and the situations (Wigfield and
Eccles, 2002). Finally and also based on Vygotsky’s social developmental theory,
learner’s motivation is influenced by social and contextual variables in addition to
other personal aspects already cited (Järvelä et al., 2010).
The following section reviews the di erent approaches that considered the motiva-
tional influences from peers in social environments.
2.2.3 Motivational influences from others
Social constructivism’s principles highlight the contextual influences from social en-
vironments (e.g. family members, school and community peers) on development,
achievement, and motivation. Extensive discussions on theoretical perspectives and
empirical works on motivation demonstrated the important impact of social set-
tings on motivation (Eccles et al., 1998). Social factors influencing achievement
motivation include other students, teachers, and other aspects of the learning en-
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vironment. However other factors that are external to the learning environment
(i.e. family, peers, and communities) also have influence on learning behavior and
motivation although research in this area is more limited.
Social Cognitive Theory initially highlighted the importance of social influences on
behavior by stating that people acquire knowledge, beliefs, and emotions by observ-
ing others, and act based on their goals and values (Bandura, 1986). In this view
of individuals in society, personal (e.g. cognitive), behavioral, and environmental
factors all mutually interact and influence each other as shown in Figure 2.3.
Figure 2.3: Reciprocal causation in Social Cognitive Theory (Bandura, 1986)
Social Cognitive Theory also postulates that motivational processes such as out-
come expectations, goals, and self-e cacy, a key variable, all influence learning and
performance (Schunk and Pajares, 2002). It also considers Observational Learning
as an important modeling functions when learners acquire new skills and behaviors
by observing other peers acting.
Self-Determination Theory in addition to other perspectives also stress the impor-
tance of social relations and it is therefore essential to consider, analyze, understand
and utilize social settings in the learning environment also as a way to enhance
individual motivation and eventually learning performance.
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2.2.4 Evaluating motivation
In order to understand individual’s motivation, the changes occurring in specific
situations, and to determine ways to optimize motivation for learning, it is important
to be able to evaluate motivation. As a complex psychological dimension, evaluating
motivation appears as a challenging task and previous research works implemented
di erent assessment methods:
Self-report. Researchers on motivation have used self-reports as the most common
method to report people’s judgments and assess their motivation. Self-reports are
mostly conducted using a form of questionnaire where participants of an experiment
answer questions and evaluate some their feelings and beliefs with some numerical
scales. For example, Pintrich and De Groot (1990) used a questionnaire with 44
items to evaluate motivational beliefs and self-regulated learning components. Self-
reports can also be performed during interviews or by recording participants and
analyzing their actions during learning activities.
This assessing method might present some di culties as it can only provide re-
sults following the auto-evaluation, instead of following the time where motivational
changes are supposed to occur. The organization of an experiment is therefore
important for the significance and validity of results. The subjectivity of auto-
evaluations can also be considered as a problem. Psychological aspects such as
motivation are however inherent to a person and are therefore by definition inher-
ent and subjective aspects. This confirms why this method, when designed and
implemented e ectively, remains the mostly used way for assessing motivation.
Free choice. A presumably more objective method for assessing motivation, par-
ticularly intrinsic motivation, consists in evaluating the time spent by a participant
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on a task when the extrinsic reasons to complete the task are no longer required.
Using this method, a participant who continues to work on an activity after being
instructed it is no longer required will be shown as intrinsically motivated for this
activity during this free choice period.
This method is however di cult to implement in a controlled experimental envi-
ronment and focuses exclusively on intrinsic aspects of motivation. Nevertheless
this method might be integrated to other assessment methods and o ers additional
information to evaluate the changes in motivational behaviors.
Peer report. In the same way as experimenters can evaluate some motivational
or behavioral aspects of participants, another method for assessment is to ask oth-
ers to rate characteristics of a participant. Although this method provides more
objective evaluations than self-reports and adds a new dimension to observations,
rating others requires more inference than a direct observation and can present dif-
ficulties to accurately judge and evaluate cognitive engagement, interest, and other
psychological properties.
2.3 Goals for learning
A general definition for goal can be a terminal point towards which actions or be-
haviors are directed. In learning, goal represents then an outcome that one intends
to attain as a result of a cognitive process (e.g. mastering a language). Goals pro-
vide the direction to guide learners to act, the force to satisfy a need, to motivate
behaviors (Schunk et al., 2002a).
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2.3.1 Goal Orientation
Goal orientation has been in recent years an active research area in educational
psychology and achievement motivation. It refers to the purposes and the ways to
approach and engage in achievement tasks.
Learners have various goal orientations or purposes for learning, but there are also
di erent types of goal orientations, often referred as mastery and performance
goals (Ames, 1992). The former focuses on mastering tasks according to self-set
standards whereas the latter represents the demonstration of a skill based on external
judgments (Pintrich, 2000).
Elliot (1999) later included a new dimension to this mastery / performance distinc-
tion by considering the approach / avoidance motivation. This second perspective
suggests that learners choose to improve their own skills or to surpass others shar-
ing the same goal with an approach focus. In opposition, some learners adopt an
avoidance motivation in order to not feel incompetent or look inferior to others.
Approach state Avoidance state
Mastery
orientation
Focus on mastering task,
learning, understanding
Focus on avoiding
misunderstanding, avoiding
not learning or not mastering
task
Use of standards of
self-improvement, progress,
deep understanding of task
Use of standards of not being
wrong, not doing it correctly
relative to task
Performance
orientation
Focus on being superior,
besting others, being the
smartest, best at task in
comparison to others
Focus on avoiding inferiority,
not looking stupid or dumb in
comparison to others
Use of normative standards
such as getting best or highest
grades, being top of best
performer in class
Use of normative standards of
not getting the worst grades,
being lowest performer in class
Table 2.3: Goal Orientations
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This taxonomy of goals (Table 2.3) is based on whether goals relate to intrapersonal
or external aspects. Considering the high influence of self-set goals on intrinsic
motivation (Locke and Latham, 1990), learners can adopt new purposes for engaging
in a task in order to follow a more intrapersonal and therefore more e cient goal
orientation.
The diversity of purposes for achieving a similar goal expressed by peers on social
media appears as an important factor able to a ect motivation for learning and the
self-perception of one’s goals.
2.3.2 Goal-Setting
Goal-setting is a theory focusing on the properties and attributes of learning goals
(e.g. importance, di culty, attainability). In other words goal attributes define the
learning goal and give an estimation of how a learner can relate to a learning goal.
In his excellent works (Locke, 1996; Locke and Latham, 2002) Locke summarizes
some goal setting research works and gives a list of di erent goal attributes. Bekele
(2010) also reviews studies about satisfaction and motivation in Internet-Supported
Learning Environments.
Among all goal attributes, commitment represents the degree to which a learner
is attached to a goal and determined to reach it, and it strengthens the level of
performance that can be reached by learners. This central attribute relates to the
learner’s attitude with regards to the goal and receives direct or indirect influence
from several other attributes. For example, individuals who are convinced that a
goal is important and attainable, that is within their capacity, demonstrate a high
commitment. In addition, goals that are both specific and di cult are critical for
commitment and lead to higher performance.
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Fulfillment, or satisfaction, appears as an important measure of success after goal
achievement, especially in Internet-supported learning environments (Bekele, 2010).
Strongly connected to motivation, a high level of satisfaction illustrates a successful
learning experience and is considered even more crucial in self-regulated environ-
ments that can be less structured than formal education.
Finally, an important component of Bandura’s Social Cognitive theory is Self-
E cacy, which he defines as the confidence or the beliefs in one’s capabilities to
control a task and reach a goal (Bandura, 1986). In addition to a direct impact on
performance, self-e cacy or confidence also influence commitment and the percep-
tion of di culty of the task or the goal to attain (Zimmerman et al., 1992). Research
works on cognitive development also show evidence about the influence of social en-
vironments (e.g. family, peers, school) on individuals’ confidence in achieving goals
(Schunk and Pajares, 2002). These works argue that self-e cacy enhancement is
mostly facilitated though observation of similar peers succeeding in their task per-
formance.
To summarize, goals are more complex than the statement of an outcome one wants
to achieve. Previously mentioned research works describe personal factors that in-
fluence goal-setting process. Goals therefore also consist of perceptional properties
directly related to their contents (i.e. importance, attainability, di culty, and speci-
ficity) or to learners’ behavioral and psychological functions in connection with the
goals (i.e. commitment, confidence, achievement, and satisfaction). These attributes
influence each other, as summarized in Figure 2.4, and a change in perception of one
attribute can a ect the entire goal attribution process and the motivation for goal
achievement. Several external and environmental factors also have influences on goal
level and commitment (Weiner, 1985; Bandura, 1986; Locke and Latham, 1990).
In conclusion, goal attributes are various and a ect each other to lead eventually to
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performance and fulfillment (or personal satisfaction). Figure 2.4 summarizes the
di erent goal attributes and how they can be connected to each other. It shows that
each of these moderators can a ect Performance and that Performance and Fulfill-
ment represent the final outcomes of a learning experience based on a goal. Finally,
Self-e cacy appears with a strong influence on several central goal attributes.
Figure 2.4: Goal attributes and their influences on each other
2.4 Summary
Vygotsky’s social developmental theory had a major influence on contemporary so-
cial constructivist perspectives of learning. The development of innovative pedagog-
ical approaches continues to improve the construction of knowledge with meaningful
learning situations. Modern e-learning systems however still need to consider and
utilize the natural and powerful influence of social environments on human behav-
iors in order to help learners enhance their intrinsic motivation by observing their
peers’ psychological and motivational positive influence and by adopting new posi-
tive attitudes and self-perceptions of their learning experience.
Motivation in education relates to aspects that precede learning process and that
correspond to both expected outcomes and reasons for engaging in learning (Weiner,
1985). In other words, it connects on one hand learners’ needs to their purposes
for learning with on the other hand their achievement goals or expected outcomes.
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Therefore, motivation for learning answers two questions that relate respectively to
the purposes and the goals for learning: 1) “Why do I want to learn?” and 2) “What
do I want to achieve?”. This di erentiation between “why” and “what” to achieve
is similar to what is defined as process (why) and contents (what) of goal pursuit in
Self-determination theory (Deci and Ryan, 2000). This theory distinguishes human
innate psychological needs and the elements making the achievement goal, in parallel
with a strong emphasis on the benefits of intrinsic motivation and the description
of internalization methods to transform external regulations.
The definitions in this research of the purpose for learning and the contents of
achievement goal corresponds therefore in specifying respectively the direction to-
wards which one is engaging in a learning process (i.e. Goal orientation) and the
elements of the final outcome that a learner aims at achieving (i.e. Goal-setting).
As this duality goal-purpose showed strong influences on intrinsic motivation (Ec-
cles et al., 1998), this research utilized the diversity of learning purposes expressed
by peers in a social environment with a system recommending to learners various
purposes other peers might have for the same goal they aim at achieving.
The following section details this social constructivist approach of motivation with
(1) the construction of a large-scale database of SNS messages expressing diverse
purposes for learning, and (2) the LDA-based system recommending diverse pur-
poses from peers on social networks to a ect learners’ intrinsic motivation and
perceptions of goals. In addition to the overall sentiment of motivation, the at-
tributes in Figure 2.4 are used to evaluate the evolution of learners’ motivation and
self-perception.
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Social Networking Services (SNS) emerged extensively in the past decade and social
media such as Facebook or Twitter occupy now a strong and significant part of the
Internet and mass communications (Hughes et al., 2012). It is natural therefore that
SNS became a central communication tool for many people and organizations, re-
sulting in several research works about people’s use of social media and its challenges
and opportunities in business (Kaplan and Haenlein, 2010).
Other research works also focused on the impact of social media on a psychological
point of view and demonstrated the influence on behavior changes based on personal
or environmental determinants (Bandura, 2001). It is therefore natural to consider
the impact of this massive communicative platform on the social construction of
reality and on higher education (Tess, 2013). Although these works and reviews
have raised even more questions about the significant implications of Social Media
in education, they have reached agreement on two essential aspects (Madge et al.,
2009; Selwyn, 2009):
• The necessity for formal education to recognize and carefully consider Social
Media’s potential and importance to students,
• The “backstage” role of Social Media in the development of student identity
and in the conflict between students and academic environment.
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The purpose of this research was to use this psychological influence from SNS in
order to positively a ect motivation for learning. The challenge of this purpose
lied in the massiveness of information available in SNS. Users express and share
all types of information and it becomes easily di cult to filter out and find some
specific data. This research aimed at recommending messages from peers on SNS
that express motivational contents such as the desire to achieve a goal and the
purposes behind these decisions. This challenge called for a systematic analysis of
data and the meaning-making construction of goals and purposes.
This research focused on the SNS Twitter, as described in the next subsection, and
used Systemic Functional Grammar (SFG) as a method to analyze and determine
the linguistic features constructing the meaning of goals and purposes in Twitter
messages.
This chapter describes the creation of a goal-based database containing messages
from peers expressing their purposes for achieving some goals. This stage consisted
in mining SNS data by analyzing textual contents and linguistic features using Sys-
temic Functional Grammar to determine the meaning-making process followed by
peers to express their own purposes. The obtained dataset was used as an initial
input for the recommender system described in chapter 4.
3.1 Social Media Twitter
Social media provides public access to a very large amount of data where people
share their personal sentiments, motivations and goals. Twitter has been one of the
most visited websites on the Internet in the past years and many researchers have
studied its usage and influence among its users (Cha et al., 2010). Hughes et al.
(2012) found the positive correlation between accessing Twitter for informational
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purposes and the needs for cognition stimulation and conscientiousness. It was
chosen as the data source in this research for the following reasons:
• It consists of short text messages (up to 140 characters) which limits the focus,
• Metadata contains user profile (useful for personalization) and social network
information (useful for social network analysis such as identifying peers and
monitoring message di usion and adoption),
• Large amount of data is publicly accessible (helps to create a very large-scale
original dataset before filtering and classifying goal-based messages).
Twitter has been one of the most visited websites on the Internet in the past years.
However, if the number of users and messages generated on a daily basis is clearly
massive, several research works show that only a small amount of this information
is carefully used and generates a reaction such as “reply” or “retweet” (Sysomos,
2010). Therefore the need for an implementation focusing on a more specific part
of this information (i.e. learning goals) appeared.
Collecting Twitter primary data is possible with an application calling the streaming
protocol using the Streaming API provided by Twitter. This data consists of public
statuses provided under JSON format that contains text messages in addition to
metadata related to the message itself (e.g. creation date, geo-locations) or related
to the author (e.g. username, location, age, number of followers). The streaming
API requires some parameters as input in addition to login credentials. Three choices
are available and one should be used at minimum:
• follow: returns statuses from a list of user IDs (e.g. “215947113”),
• track: returns statuses containing specified keywords or expressions (e.g. “learn-
ing, study”),
• locations: specifies a set of bounding boxes to track (e.g. “-122.75, 36.8, -
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121.75, 37.8”).
The first stage of creation of a goal-based dataset of Twitter messages consisted in
collecting messages from May 2011 until March 2013 using respectively the Stream-
ing API and keywords related to learning (e.g. learning, study). This resulted in
a large-scale goal-based dataset used for the initial stage of analyzing the textual
contents and linguistic features in order to determine the meaning-making process
of goals.
3.2 Functional Theories of Grammar
Functional theories of grammar are the approaches to the analysis of human language
that view language as a functional tool. Since language is fundamentally a tool, the
functional theorists propose that the structures of a language are best analyzed
and understood with reference to the functions they carry out. The functional
theories of grammar di er from formal or traditional theories of grammar because
the latter seeks to define the di erent elements of language and describe the way
they relate to each other as systems of formal rules or operations but the functional
theories of grammar define the functions carried out by language and then link
these functions with the linguistic elements that make the realization. Functional
theories of grammar tend to pay attention to the way language is actually used
in communicative contexts, and not just to the formal relations between linguistic
elements (Nichols, 1984). This view of language is utilized to build the foundation
for the education approach to language (i.e. genre).
“SFL (Systemic Functional Linguistics) does not only ask functional questions about
how people are using language, but it also interprets the linguistic system itself
from a functional semantic perspective. Departing the descriptions systemicists
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have made of how language is used in authentic texts, in this more abstract sense of
functional systemiscists ask how is language structured for use?.... The fundamental
purpose that language has evolved to serve is to enable us to make meanings with
each other.” (Eggins, 2004)
Figure 3.1: Context in relation to language
There are three types of meaning as defined by SFL: ideational meaning, interper-
sonal meaning and textual meaning. The other important concept of SFL utilized in
the analysis of texts is “genre”, the types of texts. Within a specific genre, language
functions to make meanings at level called “register”. Meanings of a given text are
created by three components, namely, context, genre and registers (Figure 3.1).
In order to find an appropriate analytical linguistic perspective of human language
to analyze the linguistic features, stages of semiotic meanings-creating, and classi-
fication and categorization of goals, functional theories of linguistics were studied.
Based on the social nature of Twitter, SFG was selected as a theoretical basis for
above purposes of research.
SFG stands for Systemic Functional Grammar and is a component of systemic func-
tional linguistics (SFL), is a form of grammatical description originally developed
by Michael Halliday since 50 years ago. The term systemic refers to the view of
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language as “a network of systems, or interrelated sets of options for making mean-
ing” (Halliday, 1994). The term functional refers to Halliday’s view that language
is as it is because of what it has evolved to do. Thus, what he refers to as the
multidimensional architecture of language “reflects the multidimensional nature of
human experience and interpersonal relations” (Halliday and Webster, 2003).
3.3 Goal-based messages Analysis using SFG
The previous section described the creation of a large-scale dataset of Twitter mes-
sages related to learning. If the database was clearly massive the proportion of goal-
based messages was remarkably low. In fact the great majority of collected Twitter
messages consisted in factual information and shared links or feelings. Some peers
indeed expressed a desire or a need to learn a specific topic but without clearly
specifying their objective or goal.
However if the proportion seems to be relatively small learners still have the pos-
sibility to observe Twitter messages from peers expressing their goal for learning.
This research proposed a method to classify and extract those goal-based messages
to make this valuable information more transparent and educational. The di culty
to find such a minor portion of data called for a systematic analysis of linguistic
features contained in Twitter messages that create the meaning of goal.
Figure 3.2: Systemic Functional Grammar vs Transformational Grammar
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Figure 3.2 shows an example of clause decomposition based on both Transforma-
tional Grammar and Systemic Functional Grammar approaches. The former, often
called Generative Grammar, views sentences of a language generated under a set
of procedures, or grammatical rules (hence the name generative) (Carnie, 2012)
and can represent a sentence over trees made with “noun phrase”, “verbal phrase”,
“pronoun” and so on.
Twitter has the advantage to limit the length of messages to 140 characters which
makes it easier to focus on the information we want. This limitation however gen-
erates drawbacks related to generative grammar’s tree representation of Twitter
messages. Abbreviations, syntactic and grammatical mistakes, hashtags and slang
are examples of what would reject a sentence from a transformational tree represen-
tation when our human brain would still be able to understand the meaning of the
text.
SFG is a form of grammatical description, component of systemic functional linguis-
tics (SFL), that views the language as a multidimensional architecture, hence the
term functional referring to the evolution of language (Halliday and Webster, 2003).
The term systemic refers to the view of a language as a network of systems or inter-
related sets of options for making meaning. The view of a language as a functional
system gives, in addition to syntactic and grammatical aspects of language, new
dimensions to analyze clause and to consider the previously mentioned limitations
of traditional transformational grammars.
3.4 Transitivity model
SFG views the language as a multidimensional architecture and considers three
metafunctions referring to the di erent modes of meaning interpreted by the gram-
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mar: ideational, interpersonal and textual, simultaneously included within the sys-
tem network of a clause.
The implementation was concerned with the creation of meaning in Twitter mes-
sages. Therefore this study focused on the ideational metafunction of SFG and its
grammatical system (i.e. Transitivity) that considers sentences under several struc-
tural configurations. In other words, instead of “subject-verb-object” or “noun-
phrase verb-phrase” structures, sentences consisted of a process, acted out by or
involving participants and attended under circumstances (Matthiessen et al., 2010).
Figure 3.3 shows that the three metafunctions previously cited are simultaneously
involved within the system network of a clause. As for the ideational metafunction,
the transitivity system of language generates meaning di ering according to the pro-
cess used and the participants involved. There are six types of processes (material,
relational, mental, verbal, behavioral and existential) as shown more in details with
the key elements for each types and some examples in Table 3.1.
Figure 3.3: Metafunctions in the system network of clause and process types based
on the Transitivity model
The Transitivity Model of SFG is a model of organization of transitivity systems and
it specifies the di erent types of processes recognized in the language (Matthiessen
et al., 2010). A process represents any phenomena that can be expressed by a verb
(Halliday, 1994) is acted out by one participant expressing the doer of the process,
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Processes & Definitions Key Elements & Examples
Material: Processes of
doing in the physical world
Actor - Goal - Process - Circumstance
e.g. “I’m [Actor] learning [Process: material] Japanese
[Goal] in order to study in Tokyo [Circumstance: Purpose,
Place]”
Relational: Concerned with
the process of being in the
world of abstract relations
3 relational types (Intensive,
Circumstantial and
Possessive)
Actor - Goal - Process (be) - Attributes - Carrier -
Token - Value
Intensive: “John [Actor/Carrier] is [Process: relational,
intensive] the leader [Value]”
Circumstantial: “John [Actor] is at [Process: relational,
circumstantial] the station [Circumstance: Place]”
Possessive: “You [Token] have [Process: relational,
possessive] a lot of [Attribute] interests [Goal/Medium].”
Mental: Encodes the
meanings of feeling and
thinking
3 types (Cognition,
A ection, Perception)
Senser - Phenomenon - Circumstance
a) Cognition: “I [Senser] don’t understand [Process:
mental, cognition] his logic [Phenomenon].”
b) A ection: “I [Senser] fear [Process: mental, a ection]
dogs [Phenomenon].”
c) Perception: “I [Senser] heard [Process: mental,
perception] music [Phenomenon] in the basement
[Circumstance: Place].”
Verbal: Process of saying Sayer - Target - Verbiage
e.g. “The teacher [Sayer] announced [Process: verbal] the
examination date [Verbiage].”
“I [Sayer] said [Process: verbal] I’m not going [Verbiage].”
“He [Sayer] told [Process: verbal]me [Target] she’s coming
[Verbiage].”
Behavioral: Processes of
physiological and
psychological behavior
4 types: (a) near material
processes, (b)near mental
processes, (c) near verbal
processes, (d) psychological
processes expressing states of
consciousness, (e) other
physiological processes
Behaver
e.g. “John [Behaver] is laughing [Process: behavioral (d)].”
(sit, look, smile, breathe...)
(a) Sit, dance, sing, lie down
(b) Think, watch, look, listen
(c) Talk, gossip, grumble, chatter
(d) Smile, laugh, cry, frown
(e) Sleep, breathe, cough, yawn
Existential: Processes of
existing and happening
Existent – Circumstance
e.g. “There are [Process: existential] many buildings
[Existent] in Tokyo [Circumstance: Place].”
Table 3.1: Transitivity processes
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the Actor. A process may extend to impact another entity, the Goal, and it may be
detailed with additional elements, the Circumstances (Iwamoto, 2007).
3.5 Large-scale Goal-based Dataset
Figure 3.4: Goal-based Database creation process
Figure 3.4 summarizes the data collection process completed in previous stages on
this study in order to create a Goal Database (Louvigné et al., 2012b,a). After
downloading and filtering Twitter messages from May 2011 until March 2013 using
respectively the Streaming API and keywords related to learning (e.g. learning,
study), the learning-based dataset thus created and containing over 270 million
Twitter messages was then segmented into several datasets related to various learn-
ing subjects (i.e. algebra, chemistry, Chinese, English, French, Japanese, History,
Literature, Spanish, and Trigonometry).
This new dataset of 5.4 million messages and messages expressing goals and purposes
were labeled and analyzed to determine the linguistic features used by Twitter users
to express their goals. By filtering the rest of the learning-based dataset with these
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linguistic features, a goal-based dataset was finally created with a total of 16,000
messages Louvigné and Rubens (2016); Shi and Louvigné (2014).
This process resulted in a significantly small sized database compared to the initial
large-scale dataset. This process focused however on precision in order to construct
an initial database exclusively consisting of goal-based messages and to be used for
the recommendation of diverse purposes for learning using LDA.
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4 SNS-based Recommender System
for Motivation Construction
The purpose of this research was to implement a social constructivist approach of
motivation in a recommender system utilizing the diversity of goals and purposes.
Lack of motivation often occurs when students fail to find learning meaningful and
purposeful, to find goals they can relate to. This called for a learning system able
to recommend a diversity of motivational contents such as learning purposes from
peers expressing their own reasons for learning, for mastering a same subject, as
illustrated in Figure 4.1.
This process helped learners to adopt new purposes or enhance the self-perception
of their purposes for learning in order to improve their intrinsic motivational force to
achieve the desired goals. This goal-based recommender system aimed at enhancing
motivation for learning by providing a larger diversity of motivational contents ex-
pressed by peers who engaged in a similar goal achievement task. The main features
of this recommender system included:
• Expressing goals and purposes for learning,
• Observing recommended messages from peers expressing (i.e. diverse pur-
poses, diverse learning activities) related to a same goal,
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• Evaluating the perceptions on motivation and di erent attributes related to
the goal.
Figure 4.1: Proposed system recommending diverse learning purposes from peers
for a same goal
The goal-based recommendation system implemented in this research provided mes-
sages from Twitter users expressing their reasons for studying a subject (e.g. En-
glish), or reports of activities related to their achievement task (e.g. mastering
English). This chapter describes the implementation of the proposed goal-based
recommender system in two parts:
1. Implementation of the goal-based recommender system to let learners observe
diverse purposes for a goal they need to achieve. This stage consisted in the
major contribution of this research with the development of a recommender
system using Latent Dirichlet Allocation (LDA) model to calculate the diver-
sity of purposes within a corpus of goal-based messages. The LDA-based model
recommended therefore messages that express diverse purposes for learning a
same goal.
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2. Integration of learning activity reports for the recommendation of online learn-
ing community messages. This stage consisted in expanding the goal-based
recommender system in order to complete the key characteristics of a learning
community. In addition to the management of diverse purposes for learning
related to a similar goal, the new recommender system allowed learners to
write and share more detailed reports expressing 1) what they have learned
in order to achieve their goal, and 2) how they learned it. The LDA-based
recommender system combined therefore messages expressing diverse purposes
and activity reports from other peers.
The following two sections describe thoroughly the methodologies implemented re-
spectively in both parts. The results of experiments are detailed in the following
chapter 5.
4.1 Goal-based Recommendation System
Recommender systems take a major part in the development of advanced technolo-
gies (Herlocker et al., 2004). Technology Enhanced Learning follows naturally the
same direction developing mostly Content-based or Collaborative recommendation
(Manouselis et al., 2012) that showed positive results in enhancing learning by rec-
ommending personalized contents to learners. Although the necessity to recommend
personalized contents is well admitted, recommended systems also need to consider
the “diversity” factor and to provide outcomes that are di erent from expectation
(Erdt et al., 2015).
Recent pedagogical approaches emphasize the importance of social environments
for learning with the implementation of methods supporting knowledge building
and sca olding. However modern e-learning approaches and recommender systems
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for learning need to consider psychological aspects as part of the sca olding process,
such as motivation, essential for learning performance. This research proposed there-
fore a recommender system focusing on providing psychological contents expressed
by peers who stated their own purposes for achieving a goal.
Previously, chapter 3 described the methodology implemented in order to build a
goal-based dataset of Twitter messages containing diverse learning purposes for mas-
tering a subject (e.g. English). This dataset consisted in the initial input of the
recommender system and was designed to be regularly updated with additional in-
puts from users who also expressed their purposes.
In addition to the recommendation of psychological and motivational contents from
peers, the additional unique feature of this goal-based recommender system consisted
in the diversity of contents recommended, in opposition with recommender systems
traditionally focusing on the similarity of contents provided. As a consequence this
research required a model able to determine the diversity of textual documents and
to recommend contents expressing the diverse topics estimated. Latent Dirichlet
Allocation (LDA) is a model estimating several topics spread within documents of
a given corpus and was therefore used to implement the desired goal-based recom-
mender system.
This section subsequently describes this recommendation system by detailing the
following features:
1. LDA as a model used to estimate and determine the diverse topics expressed
within a corpus of documents,
2. Jensen-Shannon divergence to determine the dissimilarity between documents
based on their respective distribution of topics estimated by the LDA-based
model,
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3. System’s architecture and details of the recommendation scenario,
4. Implementation of a Web application for participants to express, evaluate and
observe learning purposes.
4.1.1 Latent Dirichlet Allocation model
Latent Dirichlet Allocation (LDA) is a probabilistic model for collections of discrete
data such as text corpora (Blei et al., 2003). It assumes the latent structure of a
corpus based on a mixture of topics, also called themes, distributed over the docu-
ments. Such model is useful when the words observed in the dataset communicate
the meaning of the message as a latent structure (Gri ths and Steyvers, 2004).
It can estimate the probabilistic distribution of a fixed number of topics over the
documents in the corpus, but also the word distribution on these topics.
This three-level distinction between document, topic, and word allows the estimation
of topic similarity for two documents even without sharing the same words. The
limitation of Twitter messages to 140 characters reduces the probabilistic similarity
between word distributions used in di erent messages, and therefore the significance
of this distribution for similarity estimation between two Twitter messages. On the
other hand, two documents (i.e. Twitter messages) might use di erent words to
refer to the same topic (e.g. “work”, “job”). The estimation of topic distributions
for documents appears therefore as a more e ective way to calculate the similarity
and dissimilarity between documents.
In the context of this research where documents consist of diverse purposes for
learning expressed in Twitter messages, LDA o ers the best estimation of topic
(i.e. purposes for learning) similarity, and therefore diversity, within a dataset of
messages from peers about a similar goal (i.e. mastering English). Messages contains
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di erent learning purposes (e.g. “traveling”, “business”, “manga”, “music”) for a
same learning goal (e.g. “mastering Japanese”). This research uses a model based
on LDA considering that each document (i.e. Twitter message) contains one or more
purposes for learning.
Figure 4.2: Graphical model for LDA
Figure 4.2 shows the graphical model for LDA used in this study where ◊ and „
respectively represent the estimated distribution of a topic Z for a document d and
the distribution of a word W for a topic Z. – and — are the parameters of the
Dirichlet prior on respectively the per-document topic distributions and the per-
topic word distributions. Shaded and unshaded circles respectively denote observed
and hidden variables (Asuncion et al., 2009).
This research used the Collapsed Gibbs Sampling method (Gri ths and Steyvers,
2004) to construct a Monte Carlo Markov chain and to determine the full conditional
distribution (Equation 4.1), the Maximum a posteriori (MAP) Dirichlet distribution
of topics per document (Equation 4.2), and the Dirichlet distribution of words per
topic (Equation 4.3):
P (zi = j|z≠i, w) Ã n
(wi)
≠i,j + —
n(.)≠i,j +W—
(n(di)≠i,j + –) (4.1)
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◊ˆ(d)k =
n(d)k + –
n(.)k +K–
(4.2)
„ˆ(w)j =
n(w)j + —
n(.)j +W—
(4.3)
in which W represents the vocabulary size for all documents. w and z represent
respectively the words and the topics. n(.)≠i denotes a word count not including the
current assignment of zi.
To summarize, the database built for this research contains Twitter messages ex-
pressing diverse learning purposes for attaining a same goal. The LDA-based model
is therefore able to determine these di erent purposes for learning expressed within
a dataset of messages about learning the same subject of study, as demonstrated
in a previous research work (Louvigné et al., 2014b). The messages expressed by
participants as input of this system are consequently analyzed and the LDA-based
model can finally estimate the attribution of one message to a previously estimated
topic, i.e. learning purpose. The proposed LDA model can finally provide messages
from a similar learning purpose (e.g. “traveling”), or from diverse learning purposes
(e.g. “business”, “manga”, “music”).
4.1.2 Jensen-Shannon Divergence
In order to measure the dissimilarity between di erent probabilistic distributions,
this research introduces the Jensen-Shannon divergence method, a symmetric and
smoothed version of the Kullback-Leibler divergence (DKL) method. The Jensen-
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Shannon divergence (TJSD) between the topic distributions ◊di and ◊dj respectively
for documents di and dj is expressed as follow:
TJSD(◊di , ◊dj) =
1
2DKL(◊diÎm) +
1
2DKL(◊djÎm) (4.4)
with the divergence DKL(◊diÎm) =
q
k ◊di,k ln
◊di,k
m for the topic distributions ◊di =
[◊di,k=1, . . . , ◊di,k=K ] over document di, and m = 12(◊di + ◊dj).
This method can estimate the dissimilarity of topic distribution between documents
and can therefore be used to determine documents with dissimilar (i.e. diverse)
topic probabilistic distributions.
4.1.3 Recommender System Architecture
After introducing the source of data and the LDA-based model, this section details
the architecture of the recommendation system implemented in this research. It is
necessary to first summarize the di erent important terms in order to specify how
they are used and defined in this research and to avoid any confusion:
• Goal refers to the final outcome one aims at achieving by learning a specific
subject (e.g. mastering English),
• Purpose is strongly connected with Goal and refers to reasons why one en-
gages in an achievement task (e.g. mastering English to travel around the
world),
• Topic is a general term for LDA and refers to the di erent themes existing in
a corpus of documents that are estimated by the LDA-based model,
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• Diversity refers to the variety of themes in a corpus of documents. In this
case, it refers to the di erent learning purposes for a same goal.
In the context of this research with a corpus exclusively containing Twitter messages
where learners expressed their di erent purposes for studying the same subject or
for engaging in the same achievement task, the di erent topics distributed over the
messages and estimated with the LDA-based model reflect therefore these diverse
learning purposes. Within a corpus of messages where learners express their own
purposes for mastering English, the LDA-based model can consequently estimate the
topic distributions reflecting, for example, learning English for traveling, learning
English for business purposes, and so forth. The implemented LDA-based model can
finally recommend diverse learning purposes from peers that learners can observe.
The specific feature of the LDA-based recommender is to estimate the distribution
on two di erent levels: topic and word distributions. The model estimates a fixed
number of topics and their probabilistic distribution over the documents existing in
the Goal Database, containing messages previously collected from Twitter or entered
by users of the implementation. The model calculates next the topic distribution of
a new message entered by a learner and the dissimilarity with other messages based
on their topic distribution.
In addition to the topic distribution, LDA gives the possibility to calculate the
word distribution. However, Twitter messages are limited to 140 characters. Two
messages expressing the same learning purpose using di erent words could show
dissimilar word distributions, but with similar topic distributions. The estimation
of dissimilarity based on word probabilistic distribution over topics shows little sig-
nificance in this context and is therefore omitted for this research.
The complete goal-based recommendation system recommends messages expressing
diverse learning purposes for a same learning goal using topic distributions and diver-
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Figure 4.3: Goal-based messages recommendation process
gence by following the five di erent steps listed below, and illustrated in Figure 4.3:
1. System Input database: messages previously created by other users or
collected from the social media Twitter are stored in a Goal Database and
used as input for recommendation,
2. Learner Input message: user completes a “Learning Goal Profile” by ex-
pressing in a Twitter message the purpose(s) for engaging in a learning goal
and by evaluating the self-perception on motivation and other goal attributes,
3. Topic distribution dissimilarity: measurement of the dissimilarity between
topic probabilistic distributions of user’s input message and messages from
peers expressing their learning purposes for the same goal,
4. Recommendation of diverse purposes: messages from di erent users with
the most dissimilar topic distributions are sent as output and recommended
for observation.
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In Figure 4.3, the recommendation model measures first the topic distribution of
the learner’s input message and then its topic distribution dissimilarity with other
purpose-based messages for the same goal. Messages showing the most dissimilar
topic distribution are eventually sent as output of the recommender system for users
to observe diverse learning purposes for the same goal they want to achieve. The
recommendation process is also detailed in algorithm 1.
input : ◊G: LDA Topic distribution for each document (i.e. Twitter message),
for a specific goal G: ◊G = {◊d,k=1, . . . , ◊d,k=K | ’d œ G} where K is
the number of topics estimated for G
X: user’s Twitter message expressing learning purpose for goal G
output: Recommended goal-based messages expressing diverse learning
purposes for goal G
1 Apply LDA estimation of topic distribution to user’s document X:
X æ ◊X where ◊X = {◊X,k=1, . . . , ◊X,k=K}
2 Calculate Jensen-Shannon divergence between ◊X and {◊d | ’d œ G} if
Author(X) /œ G
3 Recommend the N most dissimilar documents from G
Algorithm 1: Recommendation of diverse messages from peers
In algorithm 1, K is the number of topics given as a parameter to the LDA model,
and N is the number of messages recommended to users. According to Figure 4.3,
the recommendation process requires first the LDA analysis of the Goal database
containing goal-based messages collected from Twitter or previously expressed by
users of the system. The result is a matrix of topic distributions ◊ considering
the messages expressing learning purposes for a specific goal G (e.g. “mastering
English”). The recommender system uses the input message X expressing a new
learning purpose for the goal G from the user and calculates the topic distribu-
tion ◊X . Jensen-Shannon Divergence method allows to sort all documents d for the
same goal G based on their dissimilarity with the topic distribution ◊X . The algo-
rithm eventually recommends the N most dissimilar documents, with diverse topic
distributions and therefore expressing diverse learning purposes.
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The LDA-based model utilization during the recommendation process is twofold:
o ine and online. The former consists in estimating the probabilistic distribution
of topics (corresponding to di erent learning purposes) and words contained in doc-
uments (i.e. Twitter messages from the goal-based dataset). This estimation is
initially completed based on the original database and regularly updated including
messages expressed by participants of this experiment. Based on these estimations,
the LDA-based model subsequently determines the association of a newly expressed
message as input to the previously estimated topics.
The main types of recommendation applied in Technology Enhanced Learning re-
search have shown positive results by enhancing learning experience. Implementa-
tions mostly operate considering similar contents of similar profiles to recommend
personalized contents to learners (Manouselis et al., 2012). In this research how-
ever, the LDA-based model operates di erently by recommending messages from
peers probabilistically attributed to diverse learning purposes. The purpose is to
demonstrate the importance and the positive impact of observing diverse learning
purposes on learners’ perception of their own goals.
Therefore, this LDA-based recommendation system provides messages from peers
stored in the Goal Database. Users observe messages from peers containing diverse
learning purposes (e.g. “traveling”, “business”) for the same subject they aim to
master (e.g. “English”).
4.1.4 System Implementation: Observing goal-based messages
from peers
The goal-based recommender system previously described was implemented as a
web application (Louvigné et al., 2014a). This web application was developed using
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Java code and hosted using an Apache Tomcat web server to implement the di erent
servlets and make them accessible online.
Participants can sign in using their existing Twitter account to access this recom-
mendation system and potentially publish their own messages. Considering the
source of the original goal-based messages, this implementation is designed as a so-
cial environment based on Twitter design as seen on the screenshot of the homepage
in Figure 4.4. For consistency reasons in the recommendation process, users also
express their goal and purpose for learning under the format of a Twitter message
(i.e. within 140 characters). This experiment appeared therefore more familiar for
Twitter users.
Figure 4.4: Goal-based Recommendation homepage
In order to use a Twitter-based environment for this application, the Java library
Twitter4j was used to access the Twitter API. The main reason was due to the format
of goal-based messages expressed by participants. Since they should express their
own purposes for learning in a sentence within 140 characters, it was decided that
they should also have the possibility to publish it in Twitter instead of limiting it to
this experiment. The web application required therefore a connection to the Twitter
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API, which could be used for additional purposes, such as using personal information
(user name, profile picture, location). Therefore, when accessing the web application
developed for this experiment, an authorization screen was first displayed in order
to login with a Twitter account via OAuth process and to authorize the access to
read some informations on user’s profile. The process to access this web application
is detailed in Figure 4.5.
Figure 4.5: Scenario when accessing the web application
The web application also hosted information in a database using MySQL manage-
ment system. Although users’ details could be accessed directly from the Twitter
API, some additional information were stored in a specific table “UserDB”. This
included the recommendation method randomly assigned to the user (see details in
section 5.3) and the status of the user in regards to the completion of the experiment.
The database also contained a table “GoalProfileDB” related to the goal-based mes-
sages created by users, the version of the messages when it has been updated, and
the evaluations related to the level of motivation and additional goal attributes.
Finally, the table “ActivityDB” stored information related to the activity of each
user in this application. The di erent tables are shown in Figure 4.6 with their
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attributes.
Figure 4.6: Database graphical representation
UserDB contains information related to users. This table includes the following
attributes:
• UserID: identification number created and provided by Twitter API, which is
also used to identify users in this application.
• ScreenName: user name displayed in Twitter and in this application. It is
used to contact users within Twitter messages with the “@” sign (e.g. “@Se-
bLouvigne”).
• RecommendWay: recommendation method assigned by the application to de-
cide whether the user can observe diverse or similar learning purposes.
• Status: attribute showing if the participant is using the application for the
first time or further times, having an influence on the order of the tasks to
complete.
• Email: participants have the possibility to include an email address for ad-
ministrators to contact participants if necessary.
• WebClass: participants also using WebClass can link their account with their
Twitter to let their teachers know how many times they completed this exper-
iment.
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GoalProfileDB contains information related to Learning Goal Profiles. This table
includes the following attributes:
• UserID: refers to the table UserDB and represents the author of the Learning
Goal Profile.
• MessageID: identification number generated by Twitter when the user writes
their message. If the message is not published by its author, the ID number
is kept in this application.
• Subject: learning topic (e.g. “English”). A user may create several Learning
Goal Profiles for di erent subjects.
• Version: version number of the Learning Goal Profile. It is set as 1 by de-
fault and is increased after each update during the di erent stages of this
experiment.
• Date & Time: date and time of the creation of the Learning Goal Profile.
• Text: content of the message where user expresses their purpose for learning
the chosen Subject.
• Goal attributes: user’s self-evaluation on di erent goal attributes (i.e. impor-
tance, attainability, easiness, specificity, commitment, confidence, achievement,
satisfaction).
• Motivation: user’s self-evaluation on their overall motivation for learning the
chosen Subject.
• Hour of study: hours of study spent per week on the chosen Subject.
ActivityDB contains information related to the activity of users with this applica-
tion. This table includes the following attributes:
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• UserID: refers to the table UserDB and represents the author of the activity
done on this application.
• Date & Time: date and time of the activity done by the user.
• Activity: name of the page visited or action completed by the user (e.g. “Goal
create”, “Recommend”).
4.1.5 Experiment scenarios
The experiment consisted into three specific tasks to be completed by participants:
1. Creating and updating “Learning Goal Profile(s)”,
2. Observing Twitter messages from peers,
3. Repeating the previous two steps over time (starting with Observation).
During the first access to the web application and its recommender system for this
experiment, participants could see instructions in the home page as in Figure 4.4.
The instructions varied depending on the status of the user. This status was stored
in the table “UserDB” and initialized to “first-time” from the first use of this ap-
plication. In this case, participants need to first create a “Learning Goal Profile”
in order to express their own purpose for learning a chosen subject (e.g. “English”)
using a Twitter message format (e.g. “I want to learn English so I can travel around
the world”). Users also had the possibility to manage several profiles for di erent
subjects.
In addition, each profile contains evaluations of how learners perceive their own pur-
pose for learning, based on the following motivational attributes: importance, at-
tainability, easiness, specificity, commitment, confidence, achievement, satisfaction,
and overall motivation. This first evaluation represents the basis for the analysis
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of self-perception evolution over the time of the experiment. Participants may also
create several profiles for di erent learning subjects. Figure 4.7 shows an example
of a goal profile.
Figure 4.7: Learning Goal Profile
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Once at least one Learning Goal Profile was created, users could next observe mes-
sages from other participants or Twitter users recommended by the LDA-based
model previously described. The LDA-based recommendation model analyzed the
input message from the Learning Goal Profile and provided messages from peers as
output depending on the recommendation method assigned to the participant.
This second step completed the first use of this application although users were still
able to manage their Learning Goal Profiles and observe more messages. Figure 4.8
graphically represents the scenario of the first time participating in this experiment.
Figure 4.8: Experiment scenario during first participation
From the second attempt to complete the task of this experiment, the user’s status
was changed to “updating” in order to display di erent instructions in the home
page, reflecting the changes in the order of the tasks to complete. The main change
from this status update was to interchange the order of the two steps to be completed
during this experiment (i.e. Learning Goal Profile’s management and Peers messages
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recommendation).
From the second use of this application, users could first observe messages recom-
mended by the LDA-based model after analyzing the learning purposes expressed
by the user during the previous use of this experiment. After this new observation
of messages from other peers, users were invited to update their Learning Goal Pro-
files. The same form as shown in Figure 4.7 was displayed with each field cleared
out, forcing users to re-express and re-evaluate their learning purposes. This part
of the experiment was essential for observing and analyzing the evolutions in self-
evaluations of the di erent goal and motivational attributes, before and after each
observation of messages from peers recommended by the LDA-based model. The
completion of this experiment from the second use is graphically represented in
Figure 4.9.
Figure 4.9: Experiment scenario from second and further participations
The goal-based recommender system utilizing LDA model was implemented in a
Web application and an experiment was conducted with university undergraduate
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students as described in section 5.3. The following section 4.2 describes however
the design of an evolved system with the purpose to create more involvement and
input from learners and to expand the types of contents recommended from the
LDA-based system.
4.2 Recommendation of Online Learning Community
messages
Contemporary pedagogical approaches and e-learning implementations increasingly
integrate social constructivist concepts in order to promote the construction of
knowledge and to support learners in achieving skills initially beyond their capaci-
ties (Wood et al., 1976). Recently, “Learning Communities” encourage collaboration
and collective knowledge of a community in order to increase individual knowledge
(Scardamalia and Bereiter, 1994; Scardamalia, 2004). A learning community re-
quires the following four characteristics (Bielaczyc and Collins, 1999): 1) diversity
of expertise for contributions and support to develop, 2) a shared objective of de-
veloping collective knowledge and skills, 3) the focus on learning how to learn, and
4) mechanisms to share what has been learned.
The proposed recommender system was implemented into a Web application us-
ing the design of the well known SNS Twitter. The recommendation process was
centered around a shared goal (e.g. mastering English) and provided messages con-
taining diverse learning purposes, methods and outcomes expressed by peers with
various backgrounds (e.g. Twitter users, university students).
The proposed system included the following features:
• Learning Goal Profile where learners express their own purposes for study-
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ing a chosen subject (e.g. English) and evaluate their perceptions on some
motivational attributes,
• Learning Activity where learners describe in a report some specific contents
they studied in relation to the subject, and how they proceeded to learn these
contents,
• Recommendation where learners can observe learning purposes or learning
activity reports expressed by other peers.
4.2.1 Recommendation System Architecture
This research consisted in implementing the recommendation of motivational con-
tents in an SNS-based environment in order to positively enhance the construction
of motivation. The purpose of this last stage consisted therefore in integrating the
missing characteristics of a learning community (i.e. mechanisms for sharing what
people have learned and how they learned). Centered around a shared goal (e.g.
mastering English) created by users in the same way as in the previous stage of this
research, learners managed the construction of their motivation with the following
features:
1. Learning Activity (“What I learned & How I learned”): in addition to the
expression of their purposes for learning under the format of a Twitter mes-
sage, learners can create more detailed reports where they explained what
they learned and how they learned in relation with their achievement goal
(illustrated in a Learning Goal Profile),
2. Peers Messages Observation: learners observe messages from peers recom-
mended by the LDA-based model. In addition to diverse learning purposes,
the recommender system therefore also provides some learning activity reports
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from other peers,
3. Motivation Evaluation: learners evaluate their perceptions on motivational
attributes (i.e. commitment, confidence, achievement, satisfaction) related to
the goal, in addition to perceptions on intrinsic and extrinsic motivation. The
self-evaluation also includes reporting the weekly self-study time.
The LDA-based recommender model utilizes diverse messages from peers contain-
ing learning purposes and reports of learning activities, respectively stored in a Goal
database and a Report database, the former being updated from previous experi-
ments in this study. The recommender system requires user to first create a "Goal
Profile" referring to a chosen subject to study (e.g. English).
Figure 4.10: Learning Community messages Recommendation process
Figure 4.10 describes the recommendation process following the steps listed below:
1. The user first creates a Learning Goal Profile including the purpose for study-
ing the stated subject used as the input by the system,
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2. The system takes the topic distributions for the messages from peers expressing
their purposes for learning the same subject,
3. The system also includes the database including short reports detailing what
participants learned about the specific subject and how they learned,
4. The LDA-based model estimates the topic distribution of the learner’s input
message and calculates the dissimilarity with other messages related to the
same goal,
5. The LDA-based model finally returns messages from both input databases
with dissimilar topic distributions from the input message.
4.2.2 System Implementation
The LDA-based recommender model was implemented into a Web application us-
ing a Twitter design in order to remain consistent with the original source of data,
although this was the only feature from Twitter used in this system. Participants ac-
cessing the recommendation system could see a screen similar to the original version
of the implementation, including the reference to the new feature (i.e. management
of learning activity).
During the first attempt, participants are asked 1) to create a Goal Profile where
they express their purpose for learning and evaluate some motivational attributes, 2)
to create a Learning Activity report where they can describe some specific contents
and how they learned them, and 3) to observe some recommended messages from
other peers as in Figure 4.11.
Learners had the possibility to create several learning activity reports as long as a
Learning Goal Profile was created. Learning activity reports included information
related to the goal where learners expressed what they learned in order to achieve this
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Figure 4.11: Sample of recommended learning activities and purposes
goal, and how they learned. When purposes for learning had the constraint that
messages should stay within 140 characters, learning activity reports let learners
write more developed information without size limitation.
The recommender system kept providing diverse learning purposes related to the
shared goal. In addition, the system provided some learning activity reports from
other peers. This second part of the recommendation process depended on the
contents created by the participant. If no learning activity was included in the
learning goal profile, the recommender system took as input the learning purpose
and calculated the topic distribution dissimilarities with learning activity reports
from other peers. On the other hand, the recommender system included the last
learning activity report created by the participant to calculate the topic distribution
dissimilarities.
This new version of the LDA-based recommender system provided therefore mes-
sages from peers expressing diverse contents and written under both formats (i.e.
Twitter messages for learning purposes, short reports for learning activities). The
new recommendation scenario is illustrated in Figure 4.12.
The purpose of this recommender system was also to be used several times over a
period of study. Therefore, from the second attempt, the LDA-based model directly
recommends messages based on what was expressed during the previous access.
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Figure 4.12: Experiment scenario including the creation and recommendation of
learning activity reports
Participants were next asked to complete a new Goal Profile in order to compare
their purpose for learning and their evaluations after each observation. Results from
these evaluations are discussed in section 5.4.
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This section describes and discusses the di erent results and findings developed
throughout the time of this research, in accordance with the main stages of the
methodology adopted.
It first describes the results of a preliminary survey targeting the goals that learners
engaged in for subjects where they succeeded and failed, and to justify the correlation
between the failure to succeed in learning and the absence of a self-set goal.
The next section describes the results of the analysis of the initial learning-based
and the goal-based datasets of Twitter messages using the Transitivity model of
Systemic Functional Grammar.
Finally, the last and most complete section provides the results related to the LDA-
based recommendation system (Louvigné et al., 2015). It describes learners’ self-
evaluations about their perception on the motivational attributes previously intro-
duced. Results show the evolutions and their significance between evaluations during
the first creation of a goal profile and after observing peers messages. The moti-
vational attributes related to the learners and their goals showed connections and
influences based on previous studies (subsection 2.3.2). Subsequently, the hypothe-
sis of this research considered the positive e ect of recommending diverse learning
purposes. Therefore, in addition to the e ects on learners’ perceptions, the purpose
of this research was to analyze the causal relationships between these attributes.
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This analysis utilizing DirectLiNGAM model (Shimizu et al., 2011) compared the
causal structures in both recommendation approaches (similar/diverse) with the
original structure summarized in Figure 2.4.
5.1 Preliminary Survey
A group of learners completed a survey which had di erent purposes: to understand
the reasons of success or failure to learn specific subjects, the objectives for learning
in both cases and the use of social media. The main results are showed in Figure 5.1.
Figure 5.1: Survey results
The survey was conducted with fifteen people, from university students to middle-
aged workers. It first asked them in what topic they succeeded or failed the most
during their study life, and whether they had learning goals or not for those topics.
The first interesting outcome was that the only objective for failed studies was to
pass examinations, hence only an extrinsic motivation that was forcing learners to
study. The duty for study to progress within the educational institution is also
claimed as a learning objective for succeeded topics but the interesting di erence
was the mention of interest and pleasure to study.
In addition, the great majority of answers to the question asking for the reason of
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failure to study those specific topics expressed a mix between an excessive di culty
level and a lack of interest. The survey then asked their opinion about better success
with di erent learning goals and their interest in knowing other learners’ objectives.
The replies were again positive in majority (respectively 80 and 73 percent).
The last conclusion of this survey came from the relation and involvement of learners
with social media which confirmed numerous previous research works claiming that
the majority of people regularly use social media (on a daily basis in this case).
5.2 Meaning-Making Analysis of Twitter messages
The large-scale dataset contained messages from Twitter in relation to learning,
hence including learning goal-based messages. However, even after filtering Social
Media streamed data to focus on learning concept, such messages represented only
a minor portion of the entire built dataset. Therefore their extraction from the
learning-based dataset represented a laborious task.
This stage of the research consisted in first analyzing the learning-based dataset to
have a global understanding of the linguistic patterns of the data collected. The
analysis applied the theoretical framework of SFG with the transitivity model for
linguistic and stylistic analysis of meaning-making in tweets. Table 5.1 shows the
most frequently used processes according to each subject used to filter out Twit-
ter messages. A larger comparison showed the similarity between the twenty first
processes in each subject and demonstrated the consistency in the creation of the
meaning of learning-based messages, regardless what is studied.
Beside material process (47.13%), the results confirmed also that in terms of lexi-
con frequency, relational (19.49%) and mental processes (9.43%) occupy a reason-
ably large part in the corpus, compared to verbal (3.95%) and behavioral processes
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Algebra Chemistry Chinese English French
Freq Process Freq Process Freq Process Freq Process Freq Process
1 50,246 learn 126,235 study 404,462 learn 1,237,338 learn 712,413 learn
2 40,866 be 96,517 learn 240,219 be 815,908 be 367,290 be
3 31,882 study 95,507 be 74,499 study 356,666 study 111,136 have
4 19,620 do 45,154 do 55,752 do 277,177 do 110,173 do
5 15,012 have 39,883 have 45,802 have 199,927 have 102,523 study
6 5,789 need 16,603 go 30,554 like 187,723 speak 79,299 speak
7 5,441 go 12,591 get 29,518 speak 89,222 need 57,063 want
8 5,050 set 11,403 need 21,857 want 80,730 go 45,361 need
9 4,836 like 9,173 like 18,633 go 79,734 like 41,805 go
10 3,898 find 7,064 know 17,639 know 74,379 know 37,260 like
History Japanese Literature Spanish Trigonometry
Freq Process Freq Process Freq Process Freq Process Freq Process
1 697,752 learn 278,492 learn 49,840 study 1,029,510 learn 4,593 learn
2 657,578 be 172,465 be 30,888 be 470,527 be 3,196 be
3 355,845 study 50,565 study 24,216 learn 161,100 do 1,623 study
4 207,238 do 36,608 have 7,157 have 141,827 study 1,086 do
5 168,222 have 33,563 do 6,667 do 132,283 have 885 have
6 50,021 repeat 26,482 want 2,598 read 128,907 speak 751 use
7 48,448 go 22,622 speak 2,578 get 92,570 need 508 go
8 46,357 get 16,327 like 2,182 like 73,343 want 384 need
9 45,356 know 13,943 know 2,179 go 60,886 like 338 like
10 43,029 like 13,521 go 2,003 love 53,349 know 295 get
Table 5.1: Most frequently used processes for each subject
(6.92%), showing a certain degree of description of Twitter users feelings and emotive
states to their learning experiences. The results showed that Twitter users predom-
inantly used the material process and the fact that Twitter users mostly expressed
their experiences of learning and goal-setting as a given fact or past happenings.
The second stage of this analysis consisted in the processes identification using the
same transitivity model of SFG on the learning goal-based dataset, containing over
16,000 messages containing learning goals. Compared to the learning-based dataset,
the analysis of the goal-based dataset also showed a larger but reduced use of the
material process (33.6%) as shown in Figure 5.2.
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Figure 5.2: Distribution of processes of the Transitivity model of SFG on learning-
based and goal-based datasets
Figure 5.2 shows the distribution of the processes from the transitivity model, in
terms of frequency in both datasets. This analysis showed a clear di erence about
the use of the “material” process between the learning-based and the learning goal-
based dataset. The lower usage of this process in the goal-based dataset was balanced
by higher uses of “relational” (20.79%) and “mental” processes (18.9%), respectively
expressing the processes of being in the world of abstract relations and the meanings
of feeling and thinking. The lower use of “material” process was even amplified when
the process “learn” (present in most messages on both datasets) was filtered out. The
“verbal” process (10.62%) was also used more in terms of percentage of frequency in
the learning goal-based dataset which was explained by the majority of goal-based
messages being in relation to language learning.
In conclusion the reduced usage of the material process in the goal-based dataset
appeared to be counterbalanced by a higher usage of mental and verbal processes.
Considering the large amount of messages related to language learning, the mental
process was mostly used by Twitter users who to build the meaning expressed in
their learning goal-based messages. The comparison of both learning and goal-
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based datasets using the transitivity model of SFG showed then that the expression
of learning goals was strongly related with the expression of needs and feelings for
learning.
This finding brought a new definition of learning goals. Whether learning goals
are defined as mastery or task performance goals, their expression by Twitter users
showed a strong relation with the purposes or the reasons for learning. Classifying
goal-based messages consists then in identifying learners’ personal conceptions and
purposes for learning. Such identification allows the recommendation of learning
goals that learners can relate to, based on their personal needs for learning.
The next section describes the major findings of this research as it details the results
from the goal-based recommendation system and the analysis of learners’ auto-
evaluations of their perceptions on goals.
5.3 Goal-based Recommender System utilizing LDA
In addition to let learners express and evaluate their goals and purposes for learn-
ing, this implementation aims at evaluating the e ect of observing diverse messages
from other peers in learners’ own perception of their goals. After creating their
learning goal profiles, participants are therefore asked to access the application on
several occasions over time to observe messages from peers and reevaluate the prop-
erties related to their perceptions on their goals. In order to evaluate the impact
of observing diverse messages the experiment di erentiated participants based on
whether the LDA-based system recommends diverse or similar messages, and com-
pared the evaluations for both recommendation approaches. The control group
consisted of participants observing similar messages. The application designed for
this experiment randomly assigned participants into two di erent groups:
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1. Students observing similar messages (attributed to the same topic, i.e. same
learning purpose),
2. Students observing diverse messages (attributed to other topics, i.e. diverse
learning purposes).
Undergraduate students in the University of Electro-Communications (Tokyo, Japan)
participated in the experiment. In total, 77 students taking English classes expressed
and evaluated their goals from November 2014 to February 2015. Both groups of
participants observing similar or diverse messages from peers respectively consisted
of 35 and 42 students.
Two di erent types of class were also distinguished since some students followed
English course as part of their mandatory curriculum when others joined this course
as an optional class. The hypothesis that students taking English class as a personal
choice initially showed higher motivation caused this distinction. Although these
students are much less numerous than the ones taking mandatory classes, results
confirmed this hypothesis and showed significantly di erent evaluations between the
two types of classes.
According to the experiment scenario described in the previous section, participants
started by creating a “Learning Goal Profile” as in Figure 4.7 for their experience of
learning English. They expressed and evaluated their goals and purposes for learn-
ing English based on the following attributes: importance, attainability, di culty,
specificity, commitment, confidence, achievement, satisfaction, and overall motiva-
tion. The experiment was also open to other learning subjects that participants
wished to express and evaluate in regards to their motivation. As the second stage
of this experiment scenario, participants can observe messages containing learning
purposes from peers only after creating one learning goal profile at minimum.
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Students participated on several occasions over the semester after expressing and
evaluating their learning goals during the first participation. From the second access,
participants first observed recommended messages before expressing and evaluating
once more their perceptions on their learning goals. The reason was to let learners
re-express their purpose for learning and to observe the evolution along their learning
period. The most important reason was also to observe the evolution of learners’
perception of their own goal over time, based on their first evaluation, whether it is
about their overall intrinsic motivation or the more specific motivational attributes
previously listed. Analyzing these changes in self-perception is an essential part of
this research to determine the e ects of observing diverse goal-based messages from
peers, compared with observing similar goal-based messages.
Recommended messages contained learning purposes either similar or diverse com-
pared to the one expressed in participants goal profile, depending on the recommen-
dation approach assigned to them. Figure 5.3 shows a sample of messages displayed
as an output of the proposed LDA-based recommender system, expressing diverse
purposes for learning Spanish.
Figure 5.3: Sample of Twitter messages recommended
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5.3.1 LDA evaluations
The LDA-based recommender model implemented in this experiment was first used
in a preliminary study, before the implementation as a web application (Louvigné
et al., 2014b). The proposed model provided results based on the dataset of 16,000
messages related to specific learning subjects mined from Twitter during previous
studies (Louvigné et al., 2012a; Shi and Louvigné, 2014). Results consisted for
each learning subject of several estimated topics with the list of words and their
probabilistic distribution according to the topic.
Topic 1 spanish (0.0451), speak (0.0392), french (0.0374), wanna
(0.0319), talk (0.0249), how (0.0239), lol (0.0153), say
(0.0108), want (0.0098), like (0.0090)
Topic 2 japanese (0.0471), want (0.0173), watch (0.0106), read
(0.0095), one (0.0067), all (0.0067), without (0.0066), is
(0.0065), go (0.0061), need (0.0054)
Topic 3 french (0.0351), you (0.0296), english (0.0245), me
(0.0080), just (0.0077), go (0.00739), understand (0.0065),
going (0.0059), like (0.0059), speak (0.0055)
Topic 4 spanish (0.0881), need (0.0392), with (0.0329), talk
(0.0171), more (0.0166), get (0.0115), have (0.0106),
communicate (0.0091), lol (0.0084), some (0.0075)
Topic 5 spanish (0.0637), need (0.0330), understand (0.0249),
tweets (0.0152), read (0.0106), sing (0.0104), start
(0.0071), think (0.0061), only (0.0058), all (0.0051)
Topic 6 chinese (0.0341), what (0.0315), me (0.0193), understand
(0.0191), spanish (0.0181), know (0.0181), people
(0.0177), about (0.0168), saying (0.0166), really (0.0057)
Table 5.2: Estimated topics from the entire goal-based dataset
The first analysis using the LDA-based model was conducted on the entire goal-based
dataset containing messages about learning some fixed subjects previously listed (e.g.
English, French, History, Chemistry). Table 5.2 shows the topic distribution over
the words from the documents. The most representative words for each estimated
topic clearly correlate with the di erent learning subjects containing most messages
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included in the dataset (subjects such as “algebra” or “trigonometry” contained
significantly less messages compared to “Spanish” or “English”).
The perplexity of the dataset was computed for each learning subject based on the
LDA parameter for the number of topics to be estimated. For example, the dataset
contained much more messages for subjects such as English, French or Japanese,
than some more specific and possibly less popular to learners such as algebra or
trigonometry. Hence the model required an analysis of the optimum parameters
for the number of topics. Measures were conducted using the number of topics
k = {1, 2, ..., 100} as shown in Figure 5.4.
Figure 5.4: LDA Perplexity estimation
Figure 5.4 shows a continuous decrease of perplexity for most of learning subjects
when the parameter for the number of topics k increases. The model needed there-
fore to consider a condition which, when met, fixed the number of topics estimated
as the most accurate for the given subject. Considering the decrease of perplexity
lower than a fixed value, this model estimated the optimal number of topics at 8 for
Spanish, 7 for French, 6 for English and Japanese, 4 for Chinese, and 3 for chemistry
and history.
Subjects such as algebra, literature and trigonometry, showed a nearly constant
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Word (probabilistic distribution)
topic: 1 topic: 2 topic: 3
english (0.099962948) english (0.104134279) english (0.111357859)
speak (0.07915284) learn (0.074493094) learn (0.079911318)
spanish (0.069119395) language (0.043681861) speak (0.05771376)
learn (0.054255032) please (0.028861268) just (0.055494004)
like (0.036417797) people (0.028471253) talk (0.039955713)
understand (0.030472052) now (0.020670941) go (0.031816608)
wanna (0.025641134) tell (0.017550816) school (0.027007137)
talk (0.021553435) say (0.016380769) get (0.023307544)
going (0.01932378) korean (0.016380769) toeic (0.018128114)
proper (0.011891599) teach (0.012090598) need (0.011098887)
topic: 4 topic: 5 topic: 6
english (0.083674337) learn (0.095073246) learn (0.132740051)
learn (0.072889659) understand (0.080831521) english (0.090944386)
want (0.039791853) need (0.060431213) better (0.027476893)
well (0.025660205) english (0.055427364) japanese (0.027089896)
really (0.021941351) read (0.029253384) good (0.025541909)
say (0.020081924) love (0.02809865) want (0.017801971)
will (0.019338153) much (0.020785332) words (0.015866986)
write (0.015991183) without (0.019245686) make (0.015479989)
tweets (0.015991183) try (0.016551306) little (0.011997017)
accent (0.00892536) actually (0.013856925) class (0.011997017)
Table 5.3: LDA results sample: Words of estimated topics
perplexity. Hence the entire group of messages was already an accurate goal cat-
egorization based on the learning subject, explained also by their low number of
goal-based messages compared to other subjects. Hence a variety of goals for learn-
ing such subjects was unnecessary.
LDA results consisted of several estimated topics for each learning subject with the
list of words and their probabilistic distribution according to the topic. Due to the
focus on the estimations of topic distributions rather than word distributions, this
stage avoided considering the lemmatization of words as an important factor of the
recommendation process. Table 5.3 shows a sample of words from topic estimations
with the 10 words most likely to be associated to this topic and their distribution.
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Table 5.4 shows the degrees of divergence between each estimated topics.
topic 1 2 3 4 5 6
1 0 0.53354206 0.48557276 0.52226904 0.51212673 0.58000994
2 0.53354206 0 0.50044158 0.49363294 0.51348287 0.59166619
3 0.48557276 0.50044158 0 0.49393130 0.47748525 0.56925707
4 0.52226904 0.49363294 0.49393130 0 0.49778132 0.49886729
5 0.51212673 0.51348287 0.47748525 0.49778132 0 0.56157688
6 0.58000994 0.59166619 0.56925707 0.49886729 0.56157688 0
Table 5.4: Divergence degree between topics estimated with LDA
The limited size of Twitter messages increases the possibility for documents to share
similar words. However, the proposed LDA-based model focusing on topic distribu-
tion rather than word distribution utilizes the combination of words in a message
that create the meaning of a learning purpose, and calculates the probability to
belong to each topic to eventually determine the dissimilarity between messages.
5.3.2 Participation in the experiment
Undergraduate students in the University of Electro-Communications (Tokyo, Japan)
participated in the experiment. In total, 77 students taking English classes expressed
and evaluated their goals and purposes for mastering English from November 2014
to February 2015. Both groups of participants observing similar or diverse messages
from peers respectively consisted of 35 and 42 students.
Participants were for the great majority male and third-year undergraduate stu-
dents. Each class included approximately 25 students, with less than five female
students. Gender was therefore not considered as a significant criteria, and was left
as anonymous as originally on Twitter.
Students attended 90-min classes once a week with their professor. As part of home-
work and also for self-study, they could also access their learning management system
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and learning materials from each class or related to other exercises. Students also
used this e-learning system to complete some online assessments in addition to other
tasks to perform in class. The proposed SNS platform implementing the LDA-based
recommender system was included in the list of learning materials. Students could
access and participate in the experiment when accessing their learning management
system during their self-study time.
Each student’s level of proficiency was considered su cient and high enough to
participate in this experiment. Although their native language di ered from English,
students regularly practiced writing and reading skills, sometimes in relation to
research works.
Two di erent types of class were also distinguished since some students followed
English course as part of their mandatory curriculum when others joined this course
as an optional class. The hypothesis that students taking English class as a personal
choice initially showed higher motivation caused this distinction. Although these
students are much less numerous than the ones taking mandatory classes, results
confirmed this hypothesis and showed significantly di erent evaluations between the
two types of classes.
At the end of the experiment, the system recorded a total of 234 messages expressed
by participants during the creation of the update of their learning goal profiles.
Students observing similar or diverse learning purposes from peers respectively ex-
pressed 104 and 130 learning purposes. This new part of the goal-based dataset
contained 2687 words, with an average of 11.48 words per message.
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5.3.3 Evaluation of learners’ perception
Researchers on motivation have used self-reports as the most common method to
report people’s judgments and assess their motivation. Other assessment methods
such as evaluating the time freely spent on studying without extrinsic requirements,
or peer evaluations, were considered. However the self-evaluation of motivational
perceptions following the observation of peer messages appeared as the best assess-
ment method in the context of this research.
The initial evaluation completed during the creation of a learning goal profile was
used as the basis for the analysis of self-perception evolution after each new ob-
servation. Based on their perception, participants evaluated their motivation and
all psychological aspects previously listed from 0 to 100% (0=very low, 100=very
high), using radio buttons from 1 to 5, as shown in the questionnaire in Figure 5.5.
Keywords related to attributes were also written in Japanese (participants’ native
language) to avoid any confusion.
Figure 5.5: Questionnaire displayed in Learning Goal profile
Participants updated their learning goal profiles and reevaluated their perceptions
several times over the semester. The results of this experiment consisted therefore
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in analyzing the e ects of observing recommended messages from peers on learners’
perceptions by comparing the average scores from ratings before and after observa-
tion. Students could access this web application at their convenience, without fixed
time and therefore completed the tasks a various number of times. Results com-
pared then the initial mean values of rating with the latest evaluations. Table 5.5
shows the evolutions of ratings for each attribute, di erentiating the two recommen-
dation methods (i.e. similar and diverse messages) and the two types of classes (i.e.
mandatory and optional). Results also include the t-test significance value for the
di erence of self-evaluations between pre- and post-observation and the skewness
indices for both pre- and post-observation. Finally, evaluations from three students
were eliminated due atypical behaviors (one or more evaluations only included empty
values). Evaluations of the di culty of achieving goals were converted into the level
of easiness, its complementary attribute.
Results, i.e. evolutions of the rating means from before the first observation until
after the last observation of peers messages, appeared more significant for students
from mandatory classes due to a larger number of participants. Results also showed
in majority an increase in learners’ perceptions about their goals, in particular for
participants who took mandatory English classes and who were assigned to the
recommendation of diverse messages from peers. If the perception of overall motiva-
tion generally improved for all participants, most notable changes were observable
in the perception of learners’ confidence for achievement, goal’s attainability and
specificity, when learners observed diverse learning purposes.
The diversity of peers messages recommended to participants, and therefore the
diversity of learning purposes available for observation and adoption, naturally en-
hanced the perception of goal’s specificity by giving various points of view related
to a common goal (i.e. mastering English in this experiment). However, the most
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Observing diverse purposes
Mandatory classes Optional classes
Attributes Evolution
(p value)
Skewness
pre / post
Evolution
(p value)
Skewness
pre / post
Importance ≠7.27 (0.129) 0.48/ 0.00 ≠3.33 (0.272) ≠2.44/≠0.96
Attainability 12.73 (0.038) ≠1.46/≠1.29 3.33 (0.383) 0.00/ 0.85
Easiness 1.82 (0.419) 0.71/ 0.38 0.00 (0.500) 0.00/ 0.00
Specificity 12.73 (0.043) ≠0.11/≠0.16 6.67 (0.334) ≠0.31/ 0.00
Commitment 3.64 (0.319) 0.00/≠1.24 10.00 (0.273) ≠0.07/ 2.44
Confidence 14.55 (0.049) ≠0.32/≠0.11 10.00 (0.230) ≠0.44/ 0.85
Achievement 3.64 (0.328) ≠0.99/≠0.48 3.33 (0.272) 2.44/ 0.96
Satisfaction 3.64 (0.371) ≠0.08/≠0.24 13.33 (0.137) ≠0.66/ 0.66
Motivation 3.64 (0.325) ≠0.23/ 0.23 3.33 (0.153) 0.00/≠0.45
Observing similar purposes
Mandatory classes Optional classes
Attributes Evolution
(p value)
Skewness
pre / post
Evolution
(p value)
Skewness
pre / post
Importance ≠3.63 (0.278) ≠0.59/≠0.33 0.00 (0.000) 0.00/ 0.00
Attainability 1.81 (0.380) 1.32/≠1.32 5.00 (0.339) 0.00/ 0.00
Easiness 0.00 (0.500) ≠0.19/≠0.12 ≠2.50 (0.447) 0.00/ 0.58
Specificity ≠3.63 (0.296) 0.41/ 0.59 2.50 (0.365) 1.73/ 0.00
Commitment 9.09 (0.134) 1.46/≠0.23 ≠5.00 (0.268) ≠1.73/≠1.73
Confidence 0.00 (0.500) 0.00/ 0.00 0.00 (0.500) ≠1.73/≠1.73
Achievement 3.63 (0.318) 0.73/≠0.32 ≠2.50 (0.405) 1.73/ 0.00
Satisfaction 18.18 (0.015) 0.34/≠0.19 0.00 (0.199) ≠1.73/≠1.73
Motivation 1.81 (0.390) 0.93/ 0.84 7.50 (0.150) ≠1.73/≠1.73
Table 5.5: Evolution of self-evaluations from before the first to the last observation
of recommended peers messages
interesting contribution from recommending diverse learning purposes appeared in
the enhancement of learners’ perception of goal attainability (within their capacity)
and their confidence for achievement (self-e cacy). This result represents the ca-
pacity for learners to expand their ZPD (Zone of Proximal Development) due to the
diversity of motivational contents observable in a learner’s social environment.
In addition, results from observing recommended messages similar to learners’ own
learning purposes showed an important increase of the perception of satisfaction
about goal achievement. Students who observed these messages felt a sentiment
of satisfaction to notice that other peers (students or other Twitter users) follow a
shared goal for similar purposes, comforting them with the idea that they follow a
suitable learning experience.
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5.3.4 Causal mechanisms analysis using DirectLiNGAM model
Figure 2.4 on page 39 shows the di erent goal attributes moderating the perception
of a learner in relation to a goal and to his/her behavior towards the goal. It also
illustrates the connections between these attributes and how they influence each
other based on empirical results from previous research works. The experiment
conducted in this research allowed students to evaluate at several points of time
over a semester their perception on these attributes in regard to the goals they wish
to achieve.
The purpose of this research was to evaluate the e ects of observing peers motiva-
tional messages and to demonstrate the important and positive impact of observing
a diversity of learning purposes. Such analysis required an understanding of how
learners’ perception of some attributes evolved over time and reflected in other at-
tributes. In particular, it was important to analyze separately results from both
recommendation methods for comparison with each other and with the theoretical
causal ordering of motivational attributes.
Therefore, empirical results from the experiment previously described called for a
method able to discover and understand causal relationships based on data. In
this regard, Shimizu et al. (2011) proposed DirectLiNGAM method to estimate the
causal ordering of variables of a dataset with no prior knowledge of the structure. Di-
rectLiNGAM, a non-Gaussian variant of Structural Equation Models (SEM), showed
promising results in estimating optimal causal structures and was applied in this re-
search to determine the causal structures of evaluated motivational attributes for
both recommendation methods.
Based on empirical results from the experiment that included motivational at-
tributes’ evaluations from participants before the first observation of peers mes-
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sages and after each observation, DirectLiNGAM method provided estimations of
connection strength between each attribute and for each recommendation method.
Table 5.6 and Table 5.7 show these estimations into adjacency matrices respectively
for similarity and diversity-based recommendation methods. The tables show the
coe cient of influence on attributes in rows (numbers and names) from attributes
in columns (only numbers).
Attributes 1 2 3 4 5 6 7 8 9 10
1-Diversity 0 0 0 0 0 0 0 0 0 0
2-Importance -6.667 0 0 0 0 0 0 0 0 0
3-Achievement 2.899 -0.165 0 0 0 0 0 0 0 0
4-Satisfaction 4.226 0.093 0.766 0 0 0 0 0 0 0
5-Confidence 11.301 -0.092 0.245 0.265 0 0 0 0 0 0
6-Commitment 1.841 0.574 0.013 0.385 0.321 0 0 0 0 0
7-Specificity 10.058 0.401 -0.355 0.091 0.423 -0.395 0 0 0 0
8-Easiness -0.143 0.220 -0.298 0.001 0.876 -0.591 -0.527 0 0 0
9-Motivation 2.367 0.528 0.167 0.104 0.286 0.175 0.102 0.184 0 0
10-Attainability 4.324 0.088 0.315 -0.029 0.168 0.494 0.200 0.314 -0.269 0
Table 5.6: Adjacency matrix estimated by DirectLiNGAM for evaluations with
diversity-based recommendation method
Attributes 1 2 3 4 5 6 7 8 9 10
1-Similarity 0 0 0 0 0 0 0 0 0 0
2-Achievement 2 0 0 0 0 0 0 0 0 0
3-Specificity -2.071 0.036 0 0 0 0 0 0 0 0
4-Attainability 2.464 0.329 0.228 0 0 0 0 0 0 0
5-Easiness -1.239 -0.178 0.329 0.595 0 0 0 0 0 0
6-Confidence -0.038 0.356 0.588 0.237 0.193 0 0 0 0 0
7-Importance -2.301 0.077 0.413 0.121 0.026 0.066 0 0 0 0
8-Motivation 4.735 -0.118 0.405 0.356 -0.243 -0.048 0.550 0 0 0
9-Satisfaction 8.382 0.576 -0.356 -0.636 0.214 0.076 0.122 0.775 0 0
10-Commitment -0.641 -0.112 0.235 0.401 -0.203 0.451 -0.119 0.382 0.363 0
Table 5.7: Adjacency matrix estimated by DirectLiNGAM for evaluations with
similarity-based recommendation method
The network exploration and manipulation software Gephi (Bastian et al., 2009)
allowed to graphically display the results from Table 5.6 and Table 5.7 respectively
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in Figure 5.6 and Figure 5.7. Graphics show each attribute as a node and only
display estimations higher than 0.3 as edges.
Figure 5.6: Graphical representation of DirectLiNGAM adjacency matrix for rec-
ommendation by diversity
Figure 5.7: Graphical representation of DirectLiNGAM adjacency matrix for rec-
ommendation by similarity
Both figures confirm the strong and direct impacts of each recommendation method
on overall motivation, and more particularly on confidence, specificity and attain-
ability for diversity, and on satisfaction for similarity, as discussed in the previous
section. Furthermore and in order to exclusively analyze and compare the connec-
tions between goal attributes, the nodes for overall motivation and recommendation
methods were omitted in Figure 5.8 and Figure 5.9.
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Figure 5.8: Graphical representation of DirectLiNGAM adjacency matrix for goal
attributes under recommendation by diversity
Figure 5.9: Graphical representation of DirectLiNGAM adjacency matrix for goal
attributes under recommendation by similarity
Figure 5.8 shows the influence on specificity by importance and confidence, con-
sidering that this experiment also showed a significant increase on the perception
of specificity from participants who observed diverse messages from peers. On the
other hand, Figure 5.9 displays the influence of specificity attributes over confi-
dence, importance and easiness. Both illustrations show a di erent impact on or
from specificity, rather that its a ect on commitment when combined with the level
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of di culty of a goal, as stated in previous research works on goal-setting.
Previous research works underlined the importance of similarity and claimed that ob-
serving similar peers succeeding enhanced self-e cacy (Schunk and Pajares, 2002).
However, the purpose of this research consisted in demonstrating the advantages
of diversity in collaborative learning environments, and the experiment conducted
in this research showed a significant increase in self-confidence for participants ob-
serving diverse goal-based messages from peers. Figure 5.8 shows the influence from
confidence on several other attributes of the goal-setting process (i.e. easiness, speci-
ficity, and commitment). This illustrates the important and positive impact of diver-
sity on learners’ perceptions of goal attributes and their behavioral functions related
to the goal.
Another significant result from both figures is the role of commitment that appears
as an outcome. Commitment is therefore as an important measure of success after
goal achievement. Although the theoretical adjacency matrix for goal attributes
in Figure 2.4 on page 39 shows satisfaction (or fulfillment) as the final outcome,
participants from this experiment confirmed the positive impact of achievement on
satisfaction but also expressed with their evaluations an influence of satisfaction on
commitment. This observation reminds the behavioral measure of intrinsic motiva-
tion “free-choice” used in psychology. It reveals that in addition to the sentiment
of satisfaction, the e orts and time spent on achieving a goal represent a more e -
cient way to measure the success of goal-setting and the result of increased intrinsic
motivation. Figure 5.8 shows in addition an indirect influence of satisfaction on
commitment via confidence, reinforcing the influence of diversity on commitment
and on overall psychological functions related to the goal and purposes for learning.
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5.4 Online Learning Community
This study proposed a recommendation model based on LDA providing a variety
of messages to participants. Messages included diverse learning purposes related to
a shared goal expressed as a Twitter message (within 140 characters) and Learning
Activity reports describing some learning methods and outcomes.
44 undergraduate students participated in this experiment from November 2015 to
January 2016 as part of their English course. The Goal database contained over
16,000 messages including learning purposes expressed by previous participants and
Twitter messages collected in previous research work. The Report database con-
tained eventually 90 short reports. Participants of this experiment accessed the
implementation of the LDA-based recommender system in order to express their
purposes for achieving a shared goal and to write some learning methods and out-
comes, fulfilling the characteristics of an online learning community.
The purpose of this research was also to evaluate the influence of observing mes-
sages from other peers on learners’ motivation and perceptions regarding their goals.
Participants completed a questionnaire, as part of the Goal profile, asking them to
evaluate their motivation (overall, extrinsic and intrinsic) in addition to some other
motivational attributes related to their goals (i.e. commitment, confidence, achieve-
ment, fulfillment). In addition, participants were also asked to specify the time
spent on studying the chosen subject (including time in classroom, homework and
self-study).
Table 5.8 shows the average evolutions in self-evaluations with t-test significance
value, and compare with the results from the previous experiment that recommended
only diverse purposes for learning (Louvigné et al., 2015). All values show di erences
of percentage averages, except for “Hours”.
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Variations (P [T Æ t])
Attributes Learning activity messages Only learning purposes
Commitment 14.29 (0.03) 5.33 (0.09)
Confidence 8.57 (0.11) 14.67 (0.24)
Achievement 12.86 (0.06) 4.00 (0.18)
Fulfillment 7.14 (0.22) 6.67 (0.03)
Motivation 12.86 (0.08) 6.67 (0.40)
- Extrinsic 12.86 (0.06) N/A
- Intrinsic 14.29 (0.02) N/A
Hours 1.10 (0.10) 0.10 (0.50)
Table 5.8: Variations of self-evaluations after observation of learning community
messages
The results of this experiment showed the overall positive and significant impact on
learners’ motivational attributes after they observed messages from other peers. In
particular, the perception of motivation significantly increased, especially intrinsic
motivation.
The weekly hours spent on learning also improved compared to previous study, in
terms of value and significance. This shows the importance and the new possibility
for evaluation of motivation in a longer-term, in parallel with self-evaluations.
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Contemporary learning approaches and e-learning systems need to include cultural
and behavioral aspects with more diversity in addition to knowledge construction in
order to connect with long-standing pedagogical issues such as the decrease and lack
of motivation for education. The purpose of this research was therefore to promote
the construction of motivation with a social constructivist approach by developing a
collaborative environment focusing on psychological aspects and their influence on
learning.
This research utilized the diversity from Social Networking Services (SNS) to en-
hance intrinsic motivation by recommending motivational contents from peers cen-
tered around a similar mastery goal. The outcome of this research resulted in the
following features:
1. Construction of a goal-based dataset containing Twitter messages from peers
expressing diverse purposes for learning or for achieving a goal,
2. Development of an LDA-based recommender model calculating dissimilarity
between documents based on their topic distributions,
3. Implementation of an SNS-based platform where learners express and observe
motivational contents (i.e. purposes for learning, learning activities).
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6.1 Findings
The various experiments conducted during this research eventually resulted in the
enhancement of learning motivation construction after the observation of diverse
motivational contents from peers in a Social Networking Services (SNS) platform.
The first part of this research utilized Systemic Functional Grammar (SFG) to an-
alyze learning-based and goal-based datasets of Twitter messages. The Transitivity
Model determined the linguistic features that created the meaning of goals and il-
lustrated the strong connection between expressions of goals and individual needs,
feelings and emotions. These findings were later applied to finally extract a to-
tal of 16,000 goal-based messages expressing diverse purposes for learning di erent
subjects.
The goal-based dataset was later analyzed with a Latent Dirichlet Allocation (LDA)
algorithm to calculate the optimal number of topics and their probabilistic distri-
butions. The LDA-based recommender system was later implemented in an SNS
platform where learners expressed and evaluated their purposes for learning or for
achieving a goal (i.e. mastering English), and later observed recommended peer
messages expressing diverse purposes related to the same goal. The experiment
conducted with 77 undergraduate students who evaluated their perceptions on their
goals and on their behaviors in relation to these goals. Results showed a significant
and positive impact of observing diverse purposes for learning a same goal on overall
motivational attributes, in particular on specificity, attainability and confidence, in
opposition with observing similar purposes, which showed a significant impact on
the perception of satisfaction.
A deeper analysis of causal relationships between goal attributes also revealed that
commitment in achieving goal, influenced by confidence and satisfaction, appears
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as an outcome to measure the success in a goal-setting process. Finally, although
observing similar peers succeeding in task performance theoretically facilitates self-
e cacy enhancement, this experiment showed a significant increase of self-confidence
mostly after observing diverse learning purposes for a similar goal. This finding il-
lustrated the hypothesis that diversity represents an important aspect to be included
in collaborative learning environments.
The last stage of this research later completed the LDA-based recommender system
and its implementation on SNS in order to integrate the key characteristics of a
learning community. The new SNS platform therefore allowed learners to manage
learning activity reports containing information related to what has been learned
and how it was learned, in connection with a shared goal. Learning activity reports
also avoided the limitation constraint of Twitter messages, leaving learners with the
possibility to detail more information to be shared with other peers.
The results of this last experiment confirmed the important and positive impact
on the construction of motivation of sharing and observing motivational contents
from peers in a collaborative environment. More significant positive evolutions of
perceptions on motivation (intrinsic and extrinsic) and on motivational attributes
(commitment, confidence, achievement) supported the hypothesis. The increase of
reported study time also illustrated the motivation enhancement through concrete
commitment, showed as an important measure of motivation during the previous
experiment. This confirmed the importance of evolving from self-evaluation by
implementing new methods fully integrated in learning systems and able to estimate
motivation based also on learners’ behaviors and actions.
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6.2 Limitations
The contributions of this research also revealed some limitations based on the fol-
lowing aspects.
Although the analysis of Twitter messages utilizing SFG allowed the creation of a
goal-based dataset for further experiments, this study focused on the ideational di-
mension of language and on the analysis of processes with the Transitivity model.
Further research works were required for a whole implementation of the other di-
mensions and meta-functions of a language. The original purpose of this research
was however to implement a recommendation system for the enhancement of moti-
vation for learning. The purpose of this study was therefore to build an initial and
significant large-scale dataset containing goal-based messages.
The proposed LDA-based recommendation system allowed participants to manage
their goals for learning and their perceptions on motivational attributes in relation
with their goals and purposes. Although linked with their learning management
system, the implementation of the recommendation system was integrated in an
independent environment due to the circumstances of the experiment (accessible at
any time, no direct relation with the construction of knowledge itself). Similarly with
the findings of this research, the implementation of motivation and its evaluations
in the knowledge construction process require full integration in future learning
management systems.
The evaluation of motivation also remains a di culty in related research works. This
research showed positive and significant results on some motivational attributes
based on self-evaluations, which was one aspect of motivation and reinforced the
necessity to integrate various aspects of motivation in future learning environments.
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6.3 Future works
Following the last comment about the findings of this research, future research works
need to thoroughly and concretely design and implement methods for measuring
motivation into modern learning environments. Beside self-evaluation from learners,
future implementations require the measure and analysis of learning behaviors and
actions as a tool to manage learning motivation.
The LDA-based recommender model developed and used in this research focused
exclusively on textual features made of goal-based messages expressed by partici-
pants and collected from the SNS Twitter, and learning activity reports. Future
works should also consider information from learners profiles related to their in-
terests, outcomes, but also about their opinions and comments on learning how to
learn.
The experiment conducted in this research focused on Japanese undergraduate stu-
dents learning English. Future studies on other subjects requiring di erent cognitive
skills and with students from other backgrounds also deserve attention.
Finally, although this research focused on the social constructivist approach of learn-
ing motivation, it required the analysis of Twitter messages using Systemic Func-
tional Grammar. This approach allowed the understanding of linguistic processes
used to create the meaning of goal-based Twitter messages and the creation of a large
scale goal-based dataset. Further research in this domain with a deeper analysis of
clause segmentation using the Transitivity model and the consideration of other di-
mensions of SFG will provide a more precise understanding of the meaning-making
in messages, therefore an even larger dataset of goal-based messages.
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Nomenclature
CoP Community of Practice: Group of people constructing knowledge in
a social environment and in real-world context where it is applied.
CSCL Computer-Supported Collaborative Learning: Pedagogical approach
that emphasizes knowledge building through interactions between
peers and with the help of computers.
LDA Latent Dirichlet Allocation: Model for collections of discrete data
that can estimate the probabilistic distribution of a fixed number of
topics on documents.
SFG Systemic Functional Grammar: Social semiotic approach that views
language as a network of systems and metafunctions.
SNS Social Networking Services: Platform where people can communi-
cate and build social relations based on siilar interests, activities, or
backgrounds.
Twitter Online social networking service that enables users to write, post and
read short 140-character messages called tweets
ZPD Zone of Proximal Development: Area of learning that occurs when a
person is assisted by a teacher or a peer with higher skills
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